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PREFACE

The journey toward this dissertation has been shaped by a deep fascination with
the convergence of intelligent transportation, cloud computing, and real-time perception
systems. The rapid evolution of connected and automated vehicles has introduced both
opportunities and challenges—particularly in achieving the ultra-low-latency, high-
reliability communication necessary for safe and scalable autonomous operation. This
work was motivated by the pressing need to bridge the gap between laboratory prototypes
and deployable, infrastructure-supported perception frameworks capable of operating in

diverse, real-world environments.

Throughout this research, the focus remained on developing a practical and adaptive
framework for optimizing the transmission and processing of high-volume video data
generated by roadside unit (RSU) cameras. The system integrates recent advances in
hybrid 5G—Starlink communication, adaptive video compression, and cloud-based GPU
inference to achieve robust performance under varying network and environmental
conditions. The results presented here demonstrate how intelligent networking and
computational adaptation can accelerate the realization of cooperative perception as a

cornerstone of future intelligent transportation systems.

This dissertation represents not only a technical investigation but also a personal and
professional journey of discovery, resilience, and collaboration. The insights gained
extend beyond the engineering domain, underscoring the importance of interdisciplinary

A\



thinking, teamwork, and persistence in advancing complex technologies. It is my hope
that this work will contribute meaningfully to the development of safer, more efficient,
and more connected mobility ecosystems—where vehicles, infrastructure, and cloud

intelligence work seamlessly together for the benefit of society.
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ABSTRACT

HYBRID 5G-SATELLITE ADAPTIVE VIDEO STREAMING FOR LOW-LATENCY
CLOUD-BASED COOPERATIVE PERCEPTION

by

EKHLASS MESLEH ALKHARABSHEH

Adviser: Shadi Alawneh, Ph.D.

The growing complexity of autonomous and connected vehicle systems
necessitates reliable, low-latency communication between vehicles, infrastructure, and
cloud resources. This dissertation presents a comprehensive framework for optimizing
real-time data transmission in cloud-based cooperative perception systems (CPS),
focusing on adaptive video compression, hybrid networking, and cloud-based inference.
The research aims to reduce end-to-end latency while maintaining high perception
accuracy and connectivity reliability across heterogeneous communication environments.

The proposed architecture integrates adaptive H.265 (HEVC) compression, hybrid
5G-Starlink networking, and GPU-accelerated inference to support scalable roadside unit
(RSU) camera deployments. An adaptive compression controller dynamically adjusts
frame rate, resolution, and bitrate in response to bandwidth fluctuations, while a hybrid
link manager employs make-before-break switching and multipath transmission to
sustain continuous connectivity. The system was evaluated through a combination of
simulation, laboratory bench testing, and real-world field experiments under diverse

network conditions and video workloads.
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Results demonstrate that the integrated approach achieves end-to-end latency
below 100 milliseconds and connectivity uptime exceeding 99 percent, outperforming
conventional single-network and fixed-parameter configurations. Statistical analyses
confirm significant reductions in latency variance, frame loss, and recovery time
following network disruptions. Moreover, the proposed methods maintain detection
accuracy (mAP > (.75) and system stability under high-load scenarios involving up to
100 concurrent RSU streams.

This work contributes (i) a validated, modular framework for real-time cloud-
assisted cooperative perception, (i1) empirical benchmarks quantifying compression—
network trade-offs, and (iii) deployment guidelines for scalable CPS implementations in
intelligent transportation systems. Collectively, these contributions advance the state of
knowledge toward deployable, cloud-integrated Level-5 autonomous driving
infrastructures, enabling robust perception pipelines with demonstrable reliability,

scalability, and cost efficiency.
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CHAPTER ONE

INTRODUCTION

Autonomous and connected vehicle technologies have rapidly evolved over the
past two decades, reshaping the landscape of intelligent transportation systems (ITS). The
growing reliance on perception-driven automation has underscored the importance of
real-time environmental awareness, communication reliability, and cloud-based
computation. Yet, achieving safe and scalable autonomy requires more than advanced
onboard sensors—it demands coordinated perception across vehicles and infrastructure,
supported by robust data transmission pipelines. This chapter introduces the context and
motivation for optimizing real-time data transmission in cloud-based cooperative
perception systems. It traces the historical evolution of autonomous driving, outlines the
enabling role of advanced driver assistance systems, identifies key challenges in
perception and connectivity, and highlights the promise of cooperative perception as a
pathway toward full automation. The chapter concludes with the research aim, objectives,
methodology, and contributions that frame the remainder of this dissertation.

Historical Foundations of Autonomous Driving

The evolution of autonomous driving represents one of the most transformative
developments in modern engineering. What began as small-scale academic experiments
has matured into a global research endeavor encompassing robotics, artificial
intelligence, communications, and human—machine interaction. Early prototypes in the
1980s demonstrated that vehicles could, in principle, perceive their surroundings and

make driving decisions without continuous human control. Projects such as Carnegie
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Mellon University’s Navlab and the DARPA Autonomous Land Vehicle (ALV) program
integrated cameras, sonar sensors, and primitive onboard computing to navigate

predefined routes, establishing the conceptual and technical basis for vision-based driving

(11, [2].

Figure 1: DARPA Grand Challenge — Stanford University’s
Autonomous Vehicle “Stanley” [7]

European initiatives soon followed: the EUREKA PROMETHEUS Project and

the University of Parma’s ARGO vehicle pioneered lane-keeping and highway
automation using stereo-vision and rule-based control [3], [4]. Collectively, these efforts
forged the earliest perception and control architectures that would later evolve into
modern Advanced Driver Assistance Systems (ADAS) and fully autonomous platforms.
A significant leap occurred with DARPA’s Grand Challenges (2004-2005) and
the Urban Challenge (2007), where teams were tasked with navigating complex off-road
and urban environments without human intervention. Stanford’s Stanl/ey and Carnegie

Mellon’s Boss demonstrated robust multi-sensor fusion, real-time path planning, and



decision-making in dynamic environments [5], [6]. These breakthroughs catalyzed
industrial efforts by companies such as Waymo and Tesla, setting the foundation for
today’s autonomous ecosystems. Despite steady progress, most deployments still operate
at SAE Level 2—4 automation, as defined in SAE J3016 [7], restricted to narrow
operational design domains (ODDs). Achieving Level 5 autonomy, capable of full self-

driving in all conditions, remains a core challenge motivating this research.

SAE J3016™ LEVELS OF DRIVING AUTOMATION™

INTERNATIONAL. Learn more here: sae.org/standards/content/j3016_202104

Copyright © 2021 SAE International. The summary table may be freely copied and distributed AS-IS provided that SAE International is acknowledged as the source of the content
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Figure 2: SAE Levels of Autonomy (Level 0-5) [8]



Role of Advanced Driver Assistance Systems (ADAS)

Before vehicles can reach full autonomy, incremental automation through ADAS
serves as a practical bridge between human-driven and autonomous vehicles. ADAS
features such as adaptive cruise control, lane-keeping assist, blind-spot monitoring, and
automatic emergency braking (AEB) have demonstrably improved road safety [8].
Empirical evidence indicates that AEB alone can reduce rear-end collisions by nearly 50
percent in specific driving conditions [9]. However, ADAS primarily rely on localized
onboard sensors—cameras, radar, and LIDAR—whose field of view is limited by
occlusions, weather, and illumination. For instance, the American Automobile
Association (AAA) found that pedestrian detection accuracy degrades sharply at night
[10]. These constraints reveal that purely onboard perception is insufficient for
comprehensive situational awareness.

Recent developments are transforming ADAS into connected, continuously
learning systems. Cloud connectivity enables over-the-air (OTA) updates and large-scale
data aggregation, allowing real-time algorithm improvements [11]. This shift from
isolated sensing to collaborative perception marks a pivotal step toward fully autonomous
and cooperative mobility.

Challenges in Autonomous Driving

Although autonomous perception and control technologies have advanced
considerably, widespread deployment still faces formidable technical and societal
challenges. These include sensor limitations, computational constraints, network
reliability, and system resilience. Perception challenges arise from limited sensor range,

occlusion, and environmental degradation. Accidents involving automated vehicles have
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underscored the risks of overreliance on local sensing alone [12]. Computational
limitations are also evident: high-performance onboard GPUs improve inference
accuracy but increase energy consumption, cost, and thermal load, reducing electric
vehicle range and affordability [13].

Connectivity gaps persist globally; while 5G promises ultra-reliable low-latency
communication (URLLC), coverage remains uneven, particularly outside dense urban
centers [14]. Satellite-based systems such as Starlink offer complementary low-latency
backhaul for underserved regions [15]. Meanwhile, public trust in autonomous systems
continues to evolve, influenced by safety incidents and public perception studies [16].
Addressing these challenges requires a holistic approach that unites sensing,
communication, and computing—a vision realized through cooperative perception.

Promise and Benefits of Cooperative Perception

Cooperative perception (CP) extends a vehicle’s situational awareness by
enabling real-time data exchange with other vehicles and roadside infrastructure via
Vehicle-to-Everything (V2X) communication. By integrating distributed sensor data in
the cloud, CP allows vehicles to detect and respond to hazards that are occluded or
beyond their own sensor range [17], [18].

The benefits of CP span several domains:
o Safety: improved detection of hidden objects and reduced collision risk.
o Efficiency: smoother traffic flow and reduced congestion through coordinated
driving.

e Cost: lower onboard computational load through cloud offloading.



e Scalability: centralized learning and model updates for fleets operating under
varying conditions.
Cloud-based CP also supports collective intelligence by fusing multi-camera RSU
data, improving robustness in complex environments such as intersections or urban
canyons [19]-[22]. These capabilities position CP as a key enabler for achieving Level-5

autonomy and advancing Cooperative Intelligent Transport Systems (C-ITS).
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Recent research has focused on enabling technologies for cooperative perception,
including wireless communication standards, cloud computing frameworks, and
collaborative perception algorithms. Foundational technologies such as IEEE
802.11p/DSRC and Cellular V2X (C-V2X) enable reliable short-range communication
for exchanging perception data [23]. Standardization bodies such as ETSI have defined
Collective Perception Messages (CPMs) that allow vehicles and RSUs to share detected
objects across networks.

Cloud-assisted frameworks like Carcel offload perception computation to scalable
infrastructure [24], while cloud-in-the-loop architectures integrate simulation and cloud
resources for continuous validation [25]. European initiatives, including the C-Roads
platform, have demonstrated the feasibility of RSU—cloud integration for cooperative ITS
applications [26].

The evolution of 5G and upcoming 6G technologies promises ultra-reliable, low-
latency communication with network slicing and edge computing capabilities [27], [29].
Hybrid approaches combining DSRC, C-V2X, and 5G with intelligent selection
algorithms have shown potential for dynamic link optimization [28]. Recent cooperative
perception frameworks—Cooper, AutoCast, and Coopernaut—achieve improved
detection under occlusion through distributed data fusion and asynchronous sensor
collaboration [17], [30], [31]. However, synchronization and real-time alignment of
multi-vehicle data remain active research challenges [32], [33].

Despite the rapid progress, several research gaps remain:
1. Achieving sub-100 ms latency with > 99 % uptime across heterogeneous

networks is still an open challenge.



2. The compression—network coupling problem is underexplored; few works jointly
optimize adaptive video encoding with dynamic communication control.
3. Many frameworks are scenario-specific, lacking generalizability to large-scale
deployments.
4. There is limited empirical validation using live RSU video feeds under real-world
network variability.
This dissertation addresses these gaps by integrating adaptive compression and hybrid
networking into a unified framework, validated through simulation, laboratory, and field
experiments.
Research Aim, Objectives, and Hypothesis
As autonomous and connected vehicles advance toward real-world integration,
maintaining reliable perception across variable communication conditions is critical.
Variations in bandwidth, delay, and packet loss can degrade detection performance and
compromise safety. This research addresses the fundamental question: How can real-time
video transmission for cooperative perception be optimized to maintain consistent latency
and reliability under heterogeneous networks?
Research Aim:
To develop and validate an adaptive framework that minimizes end-to-end latency and
maximizes reliability in cloud-based cooperative perception systems by integrating
intelligent video compression, hybrid networking, and GPU-accelerated cloud inference.
Research Objectives:
1. Develop an adaptive H.265 compression strategy to dynamically regulate frame

rate and bitrate in response to fluctuating bandwidth.
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2. Design a hybrid 5G—Starlink communication architecture supporting make-
before-break switching and multipath routing.

3. Implement GPU-accelerated YOLOVS inference pipelines for real-time RSU
camera analytics in the cloud.

4. Evaluate latency, throughput, uptime, and perception accuracy using simulation,
bench, and field testing.

5. Formulate design guidelines for scalable, cost-efficient cooperative perception
deployment.

Research Hypothesis:

Integrating adaptive H.265 compression with hybrid 5G—Starlink networking will yield
end-to-end latency below 100 ms and maintain connectivity uptime above 99 %, with
minimal impact perception accuracy.

The methodology adopted in this dissertation bridges algorithmic development,
empirical experimentation, and statistical validation. The research design was structured
around iterative evaluation cycles to ensure reproducibility and real-world applicability.

1. Algorithm Design: Development of an adaptive compression controller and
hybrid link manager capable of adjusting parameters based on real-time network
telemetry.

2. System Implementation: Integration of RSU cameras, 5G modems, and Starlink
terminals into a modular pipeline encompassing sensing, encoding, transport,
inference, and telemetry layers.

3. Experimental Evaluation: Controlled simulation and bench testing across varied

conditions , followed by live trials on the same bench setup.
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4. Statistical Analysis: Analyze the influence of bandwidth, loss, and encoding
policy on latency, frame drop, and accuracy.
This methodological structure ensures both quantitative rigor and engineering relevance,
connecting theoretical insight with deployment feasibility.
Contributions and Structure of the Dissertation
This dissertation contributes new methods and empirical evidence toward
realizing practical, scalable, and reliable cooperative perception systems. Beyond
improving isolated subsystems, it introduces an integrated architecture combining
adaptive compression, hybrid connectivity, and cloud inference—an advancement crucial
for future intelligent transportation infrastructures.
Conceptual Contributions:
e A unified adaptive transmission framework that coordinates compression control
with hybrid networking for real-time cooperative perception.
e A novel 5G-Starlink hybrid architecture enabling seamless link switching and
multipath resilience under variable network conditions.
Empirical Contributions:
o Experimental validation confirming sub-100 ms latency and > 99 % uptime in
realistic scenarios.
e Quantitative characterization of compression—network trade-offs across
simulation, bench, and field studies.
Methodological Contributions:
o Development of adaptive controllers and benchmarking protocols for future

Cooperative Perception System (CPS) research.
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o Establishment of reproducible, cloud-integrated test frameworks linking academic
research to real deployment.
Structure of the Dissertation:
o Chapter 2: Literature Review—overview of cooperative perception, cloud/edge
computing, compression methods, and communication systems.
e Chapter 3: Cloud-based roadside perception prototype and feasibility evaluation.
e Chapter 4: Comparative study of cloud platforms for RSU-based real-time
perception systems.
o Chapter 5: Predictive failover and adaptive video streaming for low-latency RSU-
to-Cloud cooperative perception over hybrid 5G—Satellite connectivity.
e Chapter 6: Conclusion and future work.
Collectively, these contributions advance the scientific and engineering foundation
required for deployable, cloud-integrated Level-5 autonomous systems, establishing a

pathway toward resilient, real-time, and scalable cooperative perception frameworks.
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CHAPTER TWO

LITERATURE REVIEW

Introduction

This chapter reviews the state of the art in cooperative perception, cloud and edge
computing for intelligent transportation, real-time video compression, and hybrid
communication networks. The goal is to contextualize the proposed research within
existing knowledge and identify unresolved challenges that limit the deployment of
reliable cloud-based cooperative perception systems. The discussion begins with the
theoretical foundations of cooperative perception, proceeds to computing architectures
that support real-time data analytics, examines the role of adaptive compression in
efficient video streaming, and concludes with a survey of hybrid 5G—satellite networking
approaches relevant to low-latency connected mobility.

Foundations of Cooperative Perception

Cooperative perception (CP) enables vehicles and infrastructure nodes to extend
their sensing capabilities beyond line of sight by exchanging sensor information through
Vehicle-to-Everything (V2X) communication [17], [18]. By sharing object-level or
feature-level data, multiple agents can construct a richer, more accurate environmental
model than any single vehicle could achieve alone. This principle improves detection of
occluded pedestrians, vehicles approaching intersections, and dynamic hazards such as
sudden braking events.

Recent research has formalized CP as a distributed perception-fusion problem.

Benchmarks such as TUMTraf V2X provide standardized datasets for evaluating
12



cooperative fusion methods [37]. Architectures including Cooper, AutoCast, and
Coopernaut have demonstrated measurable gains in detection accuracy and robustness
through shared perception among vehicles [17], [30], [31]. These frameworks differ in
their synchronization strategy and fusion granularity: some perform early fusion of sensor
features, while others employ late fusion of detected objects.

Despite substantial progress, several open issues persist. The first concerns
asynchrony among heterogeneous sensors and communication delays, which complicate
time alignment [32]. Second, bandwidth efficiency becomes critical as the number of
participating agents increases. Third, many experimental validations are simulation-based
and lack exposure to real network impairments. These limitations underscore the need for
empirically validated CP frameworks that explicitly account for network variability—a
central focus of this dissertation.

Cloud and Edge Computing in Intelligent Transportation

The integration of cloud and edge computing into ITS architectures has
transformed how perception and decision-making tasks are distributed. Cloud computing
offers elastic scalability for compute-intensive workloads such as deep-learning
inference, while edge computing reduces latency by processing data closer to the source
[34]. Hybrid cloud-edge designs aim to balance these advantages by dynamically
partitioning tasks between roadside units (RSUs), edge gateways, and centralized cloud
servers.

The Carcel architecture exemplifies early cloud-assisted perception, where
vehicles offload sensor data to the cloud for large-scale processing [24]. Subsequent work

introduced cloud-in-the-loop frameworks that integrate simulation environments with real
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cloud resources for repeatable testing [25]. European deployments such as C-Roads
validated RSU-to-cloud data pipelines for Cooperative-Intelligent Transport Systems (C-
ITS) [26].

Recent advances in edge intelligence combine on-site inference with cloud
coordination. Shi et al. [34] identified latency, energy consumption, and network
heterogeneity as key challenges for scalable edge computing. Modern architectures
exploit GPU acceleration, container orchestration, and lightweight telemetry to achieve
deterministic performance. Yet, practical CPS deployments still struggle to meet end-to-
end latency requirements (< 50 ms) when network congestion or variable backhaul delay
occurs. These challenges motivate adaptive data-transmission strategies that intelligently
trade compression, quality, and computation—an approach pursued in this research.

Video Compression for Real-Time Systems

Video streams from RSU cameras constitute the primary data source for
cooperative perception. Efficient compression is therefore essential to maintain quality
under constrained bandwidth. Traditional codecs such as H.264/AVC and H.265/HEVC
employ block-based motion compensation to reduce redundancy, with HEVC achieving
approximately 30-50 % better compression efficiency at the same visual quality [35].
However, static encoding configurations are inadequate for dynamic vehicular networks
where available throughput fluctuates rapidly. Adaptive compression techniques address
this issue by adjusting parameters such as frame rate, resolution, and constant-rate factor
(CRF) in real time. Li et al. [37] demonstrated adaptive frame-rate control for vehicular

streaming that maintained target latency under bandwidth variation. Region-of-interest
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(ROIJ) coding has also been explored to prioritize critical image regions for autonomous
driving tasks [38].

While next-generation codecs such as AV1 and VVC promise further efficiency,
their computational complexity can introduce additional encoding delay, limiting real-
time suitability without specialized hardware acceleration. Thus, H.265 (HEVC) remains
the most practical choice for real-time CPS applications due to its hardware support and
favorable balance between efficiency and encoding latency. Nevertheless, achieving
consistent low-latency transmission requires coupling compression control with live
network feedback—precisely the adaptive mechanism developed in this dissertation.

Hybrid Communication Networks

Reliable, low-latency communication is the backbone of cooperative perception.
The introduction of 5G NR V2X offers features such as Ultra-Reliable Low-Latency
Communication (URLLC), network slicing, and mobile edge computing, which
collectively reduce delay and improve throughput [27]. However, even with 5G
infrastructure, connectivity gaps persist in rural or obstructed environments. Satellite
systems like Starlink, which employ low-Earth-orbit (LEO) constellations, provide a
complementary channel with round-trip times of 30-50 ms—substantially lower than
traditional geostationary links [40].

Hybrid 5G—satellite communication frameworks exploit these complementary
strengths. Jiang et al. [39] analyzed the potential of multi-link vehicular communication
for maintaining continuous connectivity under varying signal conditions. Farooq et al.
[40] evaluated Starlink’s performance for 5G backhaul and identified achievable
throughputs exceeding 100 Mbps with minimal packet loss.

15



Emerging research proposes multipath transport protocols (e.g., QUIC-based
approaches) and make-before-break switching to dynamically route data over the optimal
link. Such hybrid solutions enhance robustness but also introduce complexity in flow
control and synchronization. A systematic evaluation of these trade-offs under real
vehicular workloads is still lacking, motivating the hybrid 5G—Starlink design explored in
this dissertation.

This chapter surveyed foundational and contemporary research relevant to cloud-
based cooperative perception. The review reveals that while cooperative perception,
cloud/edge computing, and 5G communication each have matured individually, their
integrated optimization remains largely unexplored. Current systems struggle to sustain
real-time performance when confronted with fluctuating bandwidth, multipath
interference, or large-scale RSU deployments.

The dissertation builds upon these insights by introducing a unified, adaptive
framework that couples compression control with hybrid network management, evaluated
through simulation, bench, and field trials. The next chapter presents the detailed
methodology, algorithms, and experimental design used to implement and validate this

framework.
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CHAPTER THREE

CLOUD-BASED ROADSIDE PERCEPTION PROTOTYPE AND FEASIBILITY
EVALUATION

Introduction

Cooperative perception is a foundational component of intelligent transportation
systems (ITS) and connected autonomous vehicles (CAVs). By extending perception
capabilities beyond the line of sight of onboard vehicle sensors, infrastructure-assisted
perception improves situational awareness and supports safer, more efficient vehicle
operation. While significant research has explored cooperative perception using vehicle-
mounted sensors and V2V communication, fewer studies have investigated the use of
roadside unit (RSU) cameras as primary sensing elements in cloud-assisted perception
frameworks.

This chapter presents the first experimental phase of this dissertation: the design
and evaluation of a cloud-based cooperative perception system that performs real-time
object detection using a single RSU camera, a 5G cellular link, and a cloud GPU server.
The objective of this experiment was to evaluate whether real-time video captured at an
intersection can be transmitted over 5G to the cloud, processed using a lightweight deep-
learning model (YOLOv8 Small), and returned to a connected vehicle with latency low
enough to support cooperative decision-making. A controlled bench setup was used to
simulate a roadside installation, allowing systematic evaluation of latency, frame drops,

and inference speed—Xkey indicators of feasibility for cloud-based roadside perception.
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The chapter describes the system architecture, the bench-test environment, the
software pipeline, the training procedure, and performance results. These findings
establish a baseline for the expanded evaluations presented in later chapters.

System Overview

The prototype cooperative perception system consists of three main components:

1. A roadside camera capturing live video of an intersection.

2. A 5G communication link transmitting the video stream to the cloud.

3. A cloud computing platform performing object detection and returning results to a

connected vehicle.

Figure 4 illustrates the conceptual architecture. The RSU camera streams real-time
footage to a cloud server, where frames are processed to detect vehicles, pedestrians,
cyclists, and traffic signals. The processed detections, including bounding boxes and class
labels, are then forwarded to a connected vehicle, enabling earlier and more informed
decision-making before objects enter the car’s onboard sensor field. This architecture
demonstrates the core promise of cooperative perception: infrastructure-assisted
awareness that compensates for occlusions, blind spots, and limited onboard sensing

range.
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Figure 4. Example real-world scenario for the cloud-based roadside perception
system

Development Approach and Bench-Test Setup
Due to constraints in performing continuous roadside experiments, a controlled

bench setup was created to systematically evaluate the system’s performance under
repeatable conditions. Intersection footage was recorded at the Oakland University main
entrance—an area with dense traffic and frequent pedestrian crossings. These recordings
were later replayed through the bench setup.
Figure 5 shows the main elements of the bench environment:

e A monitor playing back prerecorded intersection footage.

e A2 MP RSU-style camera positioned to re-capture the footage.

e A 5G modem providing cellular uplink.

e A roadside computer responsible for transmitting frames to the cloud.

e A second computer acting as a connected vehicle receiving processed detections.
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Figure 5. Cloud-based roadside perception system bench setup

The roadside computer streamed the video to the cloud using a live HTTP tunnel (ngrok),
simulating a real camera connecting through a public cellular network. The connected-
vehicle computer received detection results returned from the cloud, replicating the 12V
channel of a real deployment.
This setup enabled precise measurement of:

e Network latency

o Frame transmission reliability

e Processing time per frame

e End-to-end production feasibility

Software Architecture
The software architecture consists of three coordinated subsystems: (1) video

streaming, (2) cloud-based object detection, and (3) result visualization.
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Figure 6 illustrates the pipeline:

1. Roadside Acquisition and Streaming
The RSU camera output is captured using OpenCV on the roadside computer.
Frames are transmitted to a remote Flask server running on Google Colab using
an encrypted ngrok tunnel.

2. Cloud Processing
The cloud environment (Google Colab with an NVIDIA T4 GPU) receives
incoming frames, decodes them, and prepares them for inference. YOLOv8 Small
is used for object detection due to its lightweight architecture and suitability for
real-time cloud inference.

3. Visualization and Output
The detection results, including bounding boxes and labels, are streamed to the
connected-vehicle computer for real-time visualization and potential integration

with vehicle control logic.

This architecture demonstrates a complete infrastructure—cloud—vehicle perception loop.
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Figure 6. Software architecture of the cloud-based roadside

perception system
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Object Detection Pipeline

The perception subsystem is built around YOLOvS Small, a compact convolutional

neural network designed for real-time object detection [41]. The following steps were

executed to prepare the model for RSU-based inference:

1.

Dataset Collection
A dataset of 3,870 intersection images was collected from the Oakland University
site to ensure domain-specific performance.
Annotation and Splitting
Images were labeled for vehicles and pedestrians.
o 80% training
o 10% validation
o 10% testing
Model Training
The YOLOvVS8 Small model was fine-tuned for 20 epochs on the T4 GPU.
Training emphasized sensitivity to occluded and distant objects, which frequently
occur in intersection scenes.
Validation and Testing
The model was validated on unseen samples, demonstrating high accuracy for

both vehicles and pedestrians.

The final inference workflow is summarized in Figure 7 and includes frame resizing,

normalization, model inference, non-maximum suppression, and visualization.
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Figure 7. Object detection and classification workflow
Experimental Results and Discussion
A continuous 24-hour bench test was conducted to assess the feasibility of the cloud-

based perception system. Key performance metrics included:

Object detection processing time

Overall reliability over long durations

Frame timestamps were recorded both at the sender (roadside computer) and the receiver

(cloud server). Unique frame IDs were used to detect dropped frames. YOLOvS

processing times were logged within the cloud notebook.
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Latency

The system achieved an average end-to-end streaming latency of 70 ms, which is
promising for real-time cooperative perception. This indicates that a 5G uplink combined
with lightweight cloud inference can support sub-100 ms response times.

Frame Drops

An average of 5 dropped frames per second was recorded. This was attributed to
variations in cellular bandwidth and temporary congestion. Applying video compression
(H.264/H.265) or dynamic frame-rate adaptation would reduce data load and improve
reliability.

Processing Speed

YOLOVS inference achieved a mean processing time of 12.8 ms per frame, confirming
that cloud-hosted GPU inference is sufficiently fast for real-time RSU applications.
Qualitative Detection Accuracy

Figure 8 shows an example detection result from the experiment. The system consistently
identified vehicles and pedestrians with fewer than 5% false positives, demonstrating
high detection reliability under typical intersection conditions.

Summary of Experimental Findings

Table 1 results confirm that the system can operate in real time with promising
accuracy and latency characteristics. Although frame drops remain an issue in some

conditions, they are solvable through improved compression and streaming techniques.
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Table 1: Cloud-based roadside perception system performance testing results

Performance metric Measured values (average)
Video streaming 70 ms

latency

Dropped frames 5 fps

Algorithms processing | 12.8 ms

speed

Figure 8. Sample object detection and classification results

Conclusion
This chapter presented a cloud-based cooperative perception system that leverages
roadside cameras, 5G communication, and cloud GPU processing to detect objects in real
time. Experimental results demonstrate that:
e Cloud-hosted perception is feasible with <100 ms latency.
e YOLOvVS8 Small provides sufficiently fast inference on a cloud GPU.
e RSU-to-cloud streaming over 5G is reliable but can benefit from video

compression.
25



o The system can effectively complement onboard vehicle perception, especially in
occluded or complex urban scenarios.
The insights gained from this prototype informed the extended multi-cloud evaluation
presented in Chapter 4 and motivated the optimized transmission framework developed

in Chapter 5.
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CHAPTER FOUR

COMPARATIVE STUDY OF CLOUD PLATFORMS FOR RSU-BASED REAL-TIME
PERCEPTION SYSTEMS

Introduction

The growing complexity of urban traffic environments and the increasing demand
for full vehicle autonomy have accelerated the development of cooperative perception
systems. These systems extend the sensing capabilities of autonomous vehicles (AVs) by
leveraging external infrastructure such as Roadside Units (RSUs) to share sensor data
including camera feeds, LiDAR, and radar data. RSU-mounted cameras, in particular,
offer a cost-effective way to augment vehicle perception by providing coverage of blind
spots, occluded objects, and intersections beyond the line of sight of onboard sensors
[42].

Achieving real-time performance in such cooperative systems demands
significant computing power, high-bandwidth connectivity, and reliable data processing
frameworks. Cloud computing provides a scalable and flexible solution, enabling
centralized processing of sensor data and dynamic allocation of computational resources.
However, selecting an appropriate cloud provider is a non-trivial task, as different
platforms offer varying levels of performance, cost efficiency, and ease of integration.
Although several initiatives have integrated cooperative perception with 5G and edge-
cloud infrastructures [43]-[44], few studies have directly benchmarked mainstream cloud

platforms for RSU-based real-time video analytics.
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This chapter evaluates the feasibility and performance of Google Colab Pro+,
Microsoft Azure, and Amazon Web Services (AWS) for a real-time perception use case.
A unified YOLOvS8-Small object detection pipeline was deployed on all platforms using
the same dataset and settings to ensure a fair comparison. The analysis focuses on key
metrics such as latency, frame processing rate, detection accuracy, cost, scalability, and
reliability. By presenting these findings within a broader dissertation context, this chapter
provides practical guidance for selecting cloud platforms for intelligent transportation
systems.

To situate this comparative study within existing literature, it is important to note
that cooperative perception has become a central theme in connected autonomous driving
research. It enables vehicles to perceive beyond their sensor range by sharing
environmental information with nearby vehicles or infrastructure. Recent work including
Chen et al. [17] and Wang et al. [45] demonstrates how RSU camera feeds can be fused
with onboard sensor data to enhance detection and reduce false negatives. Similar
advances in cloud-based perception, such as Carcel [24] and EdgeCloudFusion [46],
highlight the growing potential of remote processing in safety-critical environments.

Despite these advances, direct comparisons of commercial cloud services remain
limited. Given the long-term cost implications and deployment challenges for RSU-based
perception, understanding platform-specific behavior is essential. This chapter addresses
that gap and builds toward the system optimization strategies explored in later chapters.

System Architecture
The cooperative perception system evaluated in this chapter is structured around

three core components: RSU cameras, cloud-based perception nodes, and the
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communication layer enabling data transfer between roadside infrastructure and the

cloud. Figure 9 illustrates the overall architecture of the system.

Roadside Unit Network

Throughput Object Detector
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Latency Bounding Boxes
-Q
D——
Inference Results

Figure 9: System architecture of the cloud-based cooperative perception pipeline
using RSU cameras.

Data Source and Camera Simulation

A dataset containing 5,000 labeled images was collected at the Oakland
University main entrance to replicate realistic roadside environments. The images,
representing diverse illumination and congestion levels, were replayed as a continuous
video stream to emulate live RSU cameras. All frames were standardized to a resolution
of 720p at 30 fps to ensure consistent evaluation across platforms.
Perception Pipeline
Each incoming video frame was transmitted to a cloud instance for processing using the

YOLOV8-Small object detection model. Detection outputs—including bounding boxes,
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confidence scores, and class labels—were logged and analyzed. The perception pipeline

consisted of three major stages:

1.

Frame Acquisition: Capturing video frames using OpenCV and preparing them
for streaming.

Cloud Processing: Performing GPU-accelerated inference using YOLOv8-Small
with batch size = 1 to preserve real-time behavior.

Result Handling: Logging detections, timestamps, and processing times for later

evaluation.

Using identical model weights and inference settings across all cloud platforms ensured a

controlled and fair comparison.

Cloud Platforms

To evaluate how commercial cloud infrastructures affect real-time cooperative

perception, three environments were selected:

Google Colab Pro+: Paid tier offering priority access to T4 GPUs, extended
runtime, and higher memory.

Microsoft Azure NV-Series VM: Dedicated GPU virtual machine integrated with
Azure Media Services for consistent streaming.

AWS EC2 G4dn.xlarge: NVIDIA T4 GPU instance with high I/O throughput, S3-

based data storage, and Lambda automation.

This multi-platform selection enables a well-rounded comparison among today’s leading

GPU-enabled cloud solutions.

30



Experimental Setup
Each platform was configured to process the same dataset, ensuring identical test
conditions. Performance metrics included latency, frame processing rate (FPS), cost,
scalability, detection accuracy (mAP@0.5), resource utilization, setup overhead,
robustness under adverse conditions, and recovery time after failure. Python scripts using
OpenCV for frame capture, YOLOv8-Small for inference, and precise timestamping for
performance logging formed the core of the testbed. Figure 10 illustrates the

experimental setup and testing framework.

Network
Emulation
Mini
L (Mininet) J Cloud Environment
e A 4 N\
— RSU | Object
SES Stream * Detection
Handler l (AWS / Azure/Colab)
y
Frame . |
Capture Performance Cloud Storage
(OpenCV) | Logger | Logs

Figure 10: Experimental setup and testing framework for cloud-based RSU video
streaming and performance measurement.

Network Emulation

Network conditions were emulated using Mininet to approximate 4G- and 5G-like
characteristics. Although Mininet does not implement full 4G/5G protocols, it can
reproduce representative delay and bandwidth patterns.
Two link profiles were used:

e 4G-like: 20 ms RTT, 50 Mbps
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e 5G-like: 5 ms RTT, 500 Mbps
These controlled profiles help isolate the effects of bandwidth and latency on total
perception delay, independently of wireless-network variability.
Test Procedure

The evaluation followed a consistent methodology:

Baseline Test: 1,000 frames

Scalability Test: 1-100 simulated RSU streams

Robustness Test: Images from rain and night scenes

Repetition: All experiments repeated three times; averages reported
The following sections summarize these results.
Results and Discussion

The experimental evaluation compares Google Colab Pro+, Microsoft Azure, and
AWS across latency, scalability, detection accuracy, cost, robustness, and reliability.
Unless otherwise noted, Tables 3—10 summarize averages across scalability tests ranging
from 1 to 100 streams. Table 2 presents the single-stream baseline.

Figure 11 shows a representative output from the YOLOv8-Small model applied
to an RSU camera feed at the Oakland University intersection. This visual example

supports the quantitative findings discussed throughout the chapter.
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Figure 11: Example detection output from the YOLOv8-Small model using an RSU
camera feed. Bounding boxes show detected vehicles under overcast conditions.

Baseline Performance

Table 2 summarizes single-stream performance in terms of latency, throughput
(FPS), and cost. AWS achieved the lowest average latency (75 ms) and highest
throughput (13 FPS). Azure provided moderate latency (90 ms) and stable throughput (11
FPS). Colab Pro+ exhibited higher latency (120 ms) and lower throughput (8 FPS) due to
shared GPU scheduling and limited session persistence capabilities.

Table 2: Baseline performance metrics

Platform | Avg. Latency (ms) | FPS | Cost/ Hour | Cost/1 000 Frames
Google N -
Colab Pro+ 120 8 ~ $0.07 ~ $0.01
Azure 90 11 ~ $1.20 ~ $0.11
AWS 75 13 ~ $1.60 =~ $0.09

These results establish a clear baseline for determining platform suitability across

different deployment scales.

33



Scalability Analysis

Table 3 shows performance trends as the number of RSU streams increases. AWS
maintained high throughput with only moderate degradation at 100 streams. Azure
remained reliable up to 50 streams but experienced throughput loss as CPU utilization
increased. Colab Pro+ became unstable beyond 10 streams due to runtime resets and
GPU session limitations.

Table 3: Scalability under concurrent streams

Streams C"'(;l;,g)r o+ ‘?FZI‘,‘S (‘;‘I),VSS) Colab A (%)|Azure A (%)|AWS A (%)
1 8 11 13 0 0 0
10 6 10 12 25 9 8
25 N/A 8 11 Session reset 27 15
50 N/A 6 10 Session reset 45 23
100 N/A N/A 10 Session reset N/A 23

These observations indicate that:

o AWS is well-suited for large-scale city deployments.

e Azure is appropriate for medium-scale deployments.

e Colab Pro+ is best suited for academic experimentation.
Network Latency and Bandwidth Impact

Mininet-based emulation results are shown in Table 4. Under 5G-like conditions,

AWS achieved sub-100 ms total latency (82 ms), meeting cooperative driving thresholds
(<100 ms). Azure also performed well at 98 ms. Colab Pro+ remained higher at 130 ms.
These findings confirm the critical role of low-RTT 5G connectivity combined with

cloud-based GPU inference in achieving real-time performance.
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Table 4: End-to-End latency (ms) under emulated 4G and 5G network conditions

Network | Colab Pro+ | Azure | AWS
4G-like 245 185 162
5G-like 130 98 82

Detection Accuracy and Error Rates

Table 5 summarizes detection accuracy. AWS achieved the highest mAP (0.76)
and lowest false-detection counts. Azure achieved slightly lower accuracy (0.74 mAP),
while Colab Pro+ experienced more variability due to GPU context switching and frame
timing inconsistencies.

Table 5: YOLOVS detection performance

Platform| mAP @ 0.5 | False Pos /1000 | False Neg /1000
Colab
Prot 0.72 23 18
Azure 0.74 19 15
AWS 0.76 16 12

Resource Utilization Details

Table 6 shows resource usage. AWS displayed the most efficient resource
utilization, followed by Azure. Colab Pro+ exhibited near-saturation levels of CPU and
GPU during single-stream testing, further explaining its limited scalability.

Table 6: Resource usage (single stream)

Platform |CPU ( % )|GPU ( % )|Memory ( % )
Colab
Prot 82 94 89
Azure 68 83 71
AWS 61 78 66

Cost Breakdown and Long-Term Analysis
Table 7 summarizes the cost implications of continuous deployment. Although
AWS incurs a slightly higher monthly cost, it also delivers materially better throughput,

making it more cost-effective on a per-frame basis. Azure provides a strong balance of
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performance, cost, and integration features, while Colab Pro+ is not suitable for persistent

real-time operation.

Table 7: Detailed cost breakdown (monthly, 24/7 operation)

Component Colab Pro+| Azure | AWS
Compute $50 $864 | $1152
Storage (1 TB) 0 $23 $24

Data Transfer 0 $150 | $120
Total / Month $ 50 $ 1037 | § 1296
Cost / Frame ( 1 M frames / day ) 0 $0.034 | $0.043

Robustness Under Adverse Conditions

Table 8 highlights platform performance under rain and night conditions. AWS
again demonstrated the highest robustness. Azure performed comparably, while Colab
Pro+ suffered significant performance drops due to session-related variability.

Table 8: mAP under adverse conditions

Condition | Colab Pro+ | Azure | AWS
Clear 0.72 0.74 | 0.76
Rain 0.58 0.62 | 0.68
Night 0.49 0.55 0.54

Setup and Configuration Overhead

Table 9 shows deployment time for each platform. Colab Pro+ required the least
time to set up and run, while Azure’s integration with Media Services required more
configuration. AWS struck a middle ground with relatively straightforward setup once
automation was enabled.

Table 9: Deployment time (Hours)

Task Colab Pro+ Azure AWS
Environment Setup 0.5 2.5 1.5
YOLO Integration 0.3 1.0 0.8

Streaming Config 0.2 1.5 1.0
Total Time 1.0 5.0 33
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Failure and Recovery Scenarios

Table 10 presents reliability metrics. AWS provided the fastest recovery (25 s)
and highest uptime (99.5%). Azure followed closely with 45 s recovery and 98% uptime.
Colab Pro+ exhibited the lowest uptime due to session-based architecture requiring

manual restart, making it unsuitable for safety-critical applications.

Table 10: Reliability metrics

Scenario Colab Pro+ Recovery (s) | Azure (s) | AWS (s)
Session Timeout | Manual Restart Required 45 32
Network Drop 180 28 25
Overall Uptime —n o 0o o - 0
(24 h) =70 % ~98% |=99.5%
Conclusion

This chapter presented a comparative evaluation of three mainstream cloud
platforms for real-time RSU-based cooperative perception. Among the evaluated
platforms, AWS consistently delivered the highest performance across latency,
throughput, scalability, and reliability. Azure offered a strong balance between cost and
performance, while Colab Pro+ proved valuable for algorithm development and testing
but unsuitable for continuous or large-scale deployments.

These results provide practical guidance for city planners, transportation
engineers, and researchers seeking to design or deploy RSU-assisted perception systems.
Furthermore, the analysis conducted in this chapter informs the cloud—network
optimization strategies developed in Chapter 5, which build upon these findings to create

a more robust and scalable real-time cooperative perception framework.
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CHAPTER FIVE
PREDICTIVE FAILOVER AND ADAPTIVE VIDEO STREAMING

FOR LOW-LATENCY RSU-TO-CLOUD COOPERATIVE
PERCEPTION OVER HYBRID 5G-SATELLITE CONNECTIVITY

Introduction

Cooperative autonomous and connected vehicles rely on perception systems to
safely interpret complex and dynamic traffic environments. While onboard sensors such
as cameras, LiDAR, and radar provide essential local awareness, their effectiveness is
inherently constrained by line-of-sight occlusions, limited sensing range, and adverse
environmental conditions. These limitations are particularly pronounced at urban
intersections and in dense traffic scenarios, where safety-critical objects may remain
occluded until late in the decision-making process. To address these challenges,
cooperative perception has emerged as a promising paradigm in which vehicles and
infrastructure share sensing information via vehicular communication networks to extend
situational awareness beyond the capabilities of individual sensors.

Early cooperative perception research primarily focused on vehicle-to-vehicle
(V2V) collaboration using shared point clouds or object-level information, demonstrating
improved detection accuracy and extended perception range [17], [47]. Subsequent work
introduced scalable and learning-based approaches, such as AutoCast [30] and
COOPERNAUT [31], highlighting the potential of cooperative perception for
autonomous driving. However, these systems largely rely on V2V communication,
assume homogeneous sensing modalities, and emphasize algorithmic fusion rather than

deployable end-to-end architectures.
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More recently, infrastructure-assisted cooperative perception has gained
increasing attention, as roadside sensors can provide complementary viewpoints in
occluded or complex environments. Studies using roadside LiDAR or camera systems
have shown measurable improvements in detection coverage and robustness [48], [49]. In
parallel, cloud-assisted perception frameworks have been proposed to offload
computation and enable centralized processing, exemplified by hybrid vehicular—cloud
architectures [50] and systems such as Carcel [24]. While these efforts demonstrate the
feasibility of cloud-based perception, they typically assume stable communication
conditions and fixed encoding configurations, limiting robustness under realistic wireless
variability.

The performance of cloud-based cooperative perception systems is fundamentally
constrained by communication reliability, uplink bandwidth, and end-to-end latency.
Prior studies have shown that image compression, packet loss, and congestion can
significantly affect detection accuracy and perception latency [51], [52]. Vehicular video
streaming research further highlights the difficulty of maintaining low-latency delivery
under time-varying wireless conditions. Surveys on cloud—edge—end video delivery [53]
and hybrid V2X communication strategies [28] emphasize the importance of adaptive
mechanisms for real-time applications. Nevertheless, most existing works treat
communication and perception as largely independent subsystems and do not integrate
adaptive communication and video streaming directly into a closed-loop cooperative
perception pipeline.

In addition, reliance on terrestrial cellular connectivity alone may be insufficient

in rural, remote, or infrastructure-limited environments [54]. Hybrid connectivity
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approaches that combine cellular and non-terrestrial networks have therefore been
proposed to enhance robustness. In particular, Yastrebova-Castillo et al. demonstrated
that direct-to-satellite connectivity using low-Earth-orbit (LEO) constellations can
improve autonomous driving safety under limited terrestrial coverage [55]. However,
existing hybrid connectivity studies primarily evaluate link availability and latency using
generic traffic patterns and do not integrate satellite links into real-time cooperative
perception systems or assess their impact on end-to-end perception feasibility.
Motivated by these limitations, this paper presents a cloud-based cooperative
perception system that explicitly integrates predictive connectivity failover and
conditional adaptive video streaming for robust RSU-to-cloud perception. The proposed
system adopts a hierarchical adaptation strategy in which dynamic selection between
terrestrial 5G and LEO satellite (Starlink) uplinks serves as the primary mechanism for
maintaining latency feasibility, while adaptive H.265 video compression is activated only
as a last resort when no communication path satisfies real-time constraints. A
communication-constrained perception model is introduced to formalize latency
feasibility and perception availability and to guide system design. The system is
implemented on a Linux-based RSU equipped with an industrial camera, dual uplink
interfaces, cloud-hosted GPU inference, and a vehicle-side client. Experimental
evaluation combines controlled bench emulation for validation of adaptation logic with
long-duration real-network trials over public 5G and satellite connectivity. By treating
communication as a controllable and adaptive subsystem rather than a fixed constraint,
this work advances the practical deployment of RSU-to-cloud cooperative perception

under realistic and heterogeneous network conditions.

40



Cloud-assisted autonomous driving has been explored as a means to extend
perception beyond onboard sensing limitations. Kumar et al. proposed Carcel, a cloud-
assisted system in which sensor information from vehicles and static infrastructure is
aggregated in the cloud to support safer planning in occluded scenarios, particularly at
intersections. Rather than continuously streaming raw video, Carcel employs a request-
based strategy that selectively transmits sensor data at varying resolutions to mitigate
bandwidth constraints and packet loss. While effective for cloud-assisted planning,
Carcel does not consider continuous roadside camera video streaming, adaptive video
compression, or hybrid terrestrial-satellite connectivity for real-time cooperative
perception, which are central to this work.

Hybrid vehicular—cloud architectures have also been investigated to offload
perception workloads from vehicles to remote computing resources [50]. These studies
primarily focus on computation placement, scalability, and resource management, but do
not integrate adaptive video streaming or multi-network connectivity into the perception
pipeline. Consequently, the impact of time-varying communication conditions on end-to-
end perception latency and availability remains largely unaddressed.

Infrastructure-assisted cooperative perception leverages roadside sensors to
provide complementary viewpoints that mitigate occlusions and extend perception range.
Arnold et al. demonstrated improved 3D object detection performance by fusing
infrastructure-based LiDAR data with vehicle perception outputs, particularly in
intersection scenarios [48]. Similarly, Adl et al. employed roadside fisheye cameras to
provide wide-area visual coverage for vehicle-to-infrastructure (V2I)-assisted automated
driving [49].
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Most infrastructure-assisted approaches transmit processed features or object-
level information rather than raw visual data, thereby reducing communication bandwidth
requirements. However, this design choice limits flexibility in perception algorithms and
precludes centralized GPU-based inference on uncompressed video streams. Moreover,
communication is generally treated as a static subsystem, with limited consideration of
dynamic adaptation to bandwidth fluctuations, latency variations, or packet loss.

The performance of cloud-based cooperative perception systems is tightly
coupled with communication reliability and video transmission quality. Mehrke et al.
analyzed the impact of image compression and wireless network impairments on cloud-
based object detection accuracy using an emulated communication setup, demonstrating
how compression affects perception performance under constrained bandwidth [51].
However, this work does not consider real-time closed-loop adaptation or joint
optimization of communication paths and perception latency.

Vehicular video streaming studies further show that packet loss and fluctuating
bandwidth can severely degrade real-time application performance. Heo and Kim
investigated adaptive video transmission for safety-critical remote driving, focusing on
delivering vehicle-mounted camera video to a human operator over dual cellular links
under variable network conditions [52]. While these studies demonstrate the benefits of
adaptation, they are primarily designed for teleoperation and human-in-the-loop
applications rather than autonomous cooperative perception.

Surveys on cloud—edge—end video delivery highlight the effectiveness of adaptive
bitrate and encoding strategies for low-latency applications [53]. However, these

approaches are largely developed for multimedia streaming and are rarely integrated into
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closed-loop cooperative perception systems, where video quality directly influences
detection accuracy and end-to-end perception latency. Recent cooperative perception
surveys similarly note that most existing systems rely on fixed compression
configurations and assume stable communication conditions [56], [57].

Advanced vehicular networking technologies, including 5G-V2X and intelligent
link selection mechanisms, have been proposed to support cooperative driving and
perception applications [28], [58]. Nevertheless, reliance on terrestrial cellular
connectivity alone may be insufficient in rural, remote, or infrastructure-limited
environments [54]. To address this limitation, Yastrebova-Castillo et al. investigated
direct-to-satellite communication using Iridium and Starlink constellations,
demonstrating improved autonomous driving safety under limited terrestrial coverage.

Existing hybrid terrestrial—satellite connectivity studies primarily evaluate link
availability, latency, and reliability using generic traffic patterns. They do not integrate
satellite links into real-time cooperative perception pipelines, nor do they assess the
impact of hybrid connectivity on end-to-end perception latency, availability, or detection
performance.

In summary, prior research has advanced cooperative perception algorithms,
infrastructure sensing, video streaming, and vehicular networking largely in isolation.
Cloud-assisted perception systems often assume stable communication, infrastructure-
based approaches focus on feature-level fusion, and hybrid connectivity studies do not
consider perception data streams or real-time feasibility constraints. In contrast, this work
presents a cloud-based cooperative perception system that jointly integrates predictive

connectivity failover and conditional adaptive video streaming over hybrid terrestrial and
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satellite links. By explicitly prioritizing uplink latency feasibility and activating video
adaptation only as a last-resort mechanism, the proposed system addresses real-world
communication variability within a unified perception pipeline.
System Architecture and Design

This section describes the architecture and design principles of the proposed
RSU-to-cloud cooperative perception system. The system is designed to maintain
bounded end-to-end perception latency and high perception availability under
heterogeneous and time-varying network conditions through hierarchical connectivity
management. Predictive connectivity failover serves as the primary mechanism for
preserving latency feasibility, while conditional adaptive video compression acts as a
last-resort safeguard.
Figure 12 illustrates the end-to-end system architecture. A roadside unit (RSU) equipped
with an industrial camera continuously captures video of the traffic environment. The
video is encoded using an H.265 pipeline operating at a nominal bitrate of 5 Mbps under
normal network conditions, employing the Medium preset for balanced encoding
efficiency and high visual fidelity. This configuration serves as the default high-quality

N

operating point when at least one uplink is predicted feasible T,;, = L, = 50 ms L.
Adaptive compression is applied only as a last-resort mechanism: when both predicted

uplink latencies exceed L., the encoder dynamically reduces the target bitrate to the range

2.5-4.0 Mbps to maintain delivery stability at the cost of moderate quality degradation.
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Figure 12. System architecture of the proposed RSU-to-cloud cooperative perception
framework. Link feasibility decisions are based on the predicted uplink one-way latency

N

Typ = L. = 50 ms (a conservative proxy to ensure end-to-end perception latency
L;(t) = Lpax = 100 ms), with T,,,, as the dominant variable metric. RSRP/RSRQ (5G)

and Starlink quality/obstruction (Qgs1, OsaT) act as availability gates. When at least one
uplink is feasible (F(t) = @), the system selects the link minimizing the short-horizon
predicted delay T,,,. If no feasible uplink exists (F(t) = @), last-resort adaptive H.265
compression is activated and a best-effort uplink is selected by minimizing ?up among
available links to preserve perception availability.

The encoded video stream is transmitted over the selected hybrid uplink
(terrestrial 5G or LEO satellite) to a cloud-based perception service that performs GPU-
accelerated object detection using YOLOv8-small and returns perception outputs

(bounding boxes, class labels, confidence scores) to a vehicle-side client. The cloud and
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vehicle components operate transparently with respect to the selected communication
path, while all adaptation, prediction, and decision logic is centralized at the RSU.

Communication between the RSU and the cloud is supported by hybrid
connectivity comprising a terrestrial 5G uplink and a Starlink (LEO satellite) uplink. At
any time, only one uplink is actively used for video transmission, while the alternative
path remains available for predictive failover or best-effort fallback. This design exploits
the low-latency characteristics of 5G when feasible, while preserving perception
availability during cellular congestion, coverage gaps, or transient outages through
satellite fallback.

The RSU continuously monitors application-layer telemetry for both uplinks,

including live one-way uplink latency T, effective throughput, packet loss rate, and

short-horizon latency trends derived from embedded timestamps. Conservative link-
status indicators serve as availability gates: RSRP and RSRQ for the 5G uplink, and
quality and obstruction indicators (Qgat, Osat) for the satellite uplink. Uplink latency is
treated as the dominant feasibility metric, while auxiliary indicators are used only to
exclude clearly unusable links and to enhance decision stability.

Connectivity selection is the primary mechanism for maintaining perception
feasibility. To conservatively ensure end-to-end perception latency
L;(t) < Lyax = 100 ms, the system applies a tighter control threshold on predicted
uplink latency: ?up < L. = 50 ms, leaving headroom for other delays (capture, encoding,
inference, and downlink). When at least one uplink satisfies this constraint

(?up < L. = 50 ms), the RSU selects the feasible uplink with the minimum predicted

one-way latency based on short-horizon estimates. Hysteresis and minimum dwell-time
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constraints are applied to prevent oscillatory switching under transient fluctuations. When
neither uplink satisfies the feasibility condition, the system enters degraded mode and
activates conditional adaptive H.265 compression to reduce transmission delay. In this
mode, the RSU performs best-effort selection by choosing the available uplink that
minimizes predicted latency. Adaptive compression is explicitly a last-resort mechanism
and is deactivated as soon as at least one uplink re-enters the feasible set.

End-to-end perception latency—measured online from frame capture at the RSU
to reception of the corresponding perception output at the vehicle client—serves as the
primary indicator of perception feasibility and overall system performance.

The following section formalizes these design principles through a
communication-constrained perception model. The model defines latency feasibility
using the practical uplink control threshold L, (to ensure the end-to-end bound L. is
met) and perception availability, thereby guiding predictive failover and conditional
adaptation.

Latency Feasibility and Perception Availability Model

This section introduces a lightweight, application-driven model that formalizes
latency feasibility and perception availability in the proposed RSU-to-cloud cooperative
perception system. The model is not intended for analytical optimization or policy
learning; rather, it provides a consistent framework to explain the hierarchical adaptation
logic (predictive connectivity failover as primary mechanism, conditional adaptive
compression as last-resort) and to interpret the experimental results in Section 5.

Consistent with the system design, uplink transmission latency is treated as the dominant
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and most variable feasibility metric, while auxiliary link indicators serve only as

availability gates and decision stabilizers.

End-to-End Perception Latency

For each uplink i € {5G,SAT}, the end-to-end perception latency is defined as

Li(t) = Teap (£) + Tene (8) + T, (£) + Teioua (£) + Taoum () )]
where Toa, Tane> Teioud> and Tyoun represent RSU frame capture, encoding, cloud

inference, and downlink delivery delays, respectively. Under real-world network
conditions, uplink transmission latency Ty, ; (t) dominates variability and therefore
governs practical feasibility decisions.

Uplink latency is measured online at the application layer using embedded
timestamps recorded immediately before transmission at the RSU and upon reception at
the cloud:

Tip.i () = t55ua(®) — tg5u(®) (2)

These runtime measurements are used to update the short-horizon predictor and to
evaluate uplink feasibility.

The system aims to maintain end-to-end perception latency bounded by the
maximum allowable value L., = 100 ms.

Link Availability and Feasible-Set Definition

Each uplink must also be operationally available, determined by conservative
physical- and device-reported gates that exclude only clearly unusable links. For the 5G
uplink, RSRP and RSRQ serve as availability gates; for the Starlink uplink, quality and

obstruction indicators (Qsat, Osat) are used, as illustrated in Figure 12.
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To conservatively ensure that the end-to-end latency L;(t) < L.« = 100 ms
under realistic conditions, an uplink is considered latency-feasible if its predicted one-
way uplink latency satisfies the tighter control threshold

Tup.[’ (t) < L. =50ms,

where L. = 50 ms provides sufficient headroom (approximately 50 ms) for the
fixed and less-variable delays (Toap + Tene + Teioud + Tdown)-

The set of uplinks that are both available and latency-feasible is therefore

F(t) = {i € {5GSAT}| G;(t) =1 A Ty () =L} 3)

where G;(t) = 1 indicates availability. If F(t) = @, real-time cooperative
perception is feasible; otherwise, the system enters degraded mode.

Predictive Failover and Best-Effort Adaptation
When F(t) # @, the RSU selects the single uplink i*(t) that minimizes the short-

horizon predicted one-way latency Tqupli (t) among feasible links:
i*(0) = arg min Tup, (©) (4)
The predictor Tup.[’ (t) is computed via exponential smoothing of recent
measurements:
T (£) = Ty () + (1 — @) Ty (t — A1) ®)
with smoothing factor @ € (0,1] and decision interval At. Hysteresis and
minimum dwell-time constraints prevent oscillatory switching under transient

fluctuations. Failover is triggered only when elevated latency is attributable to uplink

transmission (as selection cannot mitigate capture, inference, or downlink delays).
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When F(t) = @, adaptive H.265 compression activates to reduce Ty (t), and
best-effort selection occurs among available links:

.1— — i
it(t) A8 e sGsAnIG (=1

Tap: (© (6)
Adaptive compression is deactivated immediately upon re-entry of at least one

uplink into F(t).

Perception Availability

Perception availability is defined as the probability that perception outputs are
delivered within the end-to-end latency bound under the system’s selected uplink:

A=Pr(Lyp(®) < Lyax) (7

where i*(t) is the selected uplink (i* or iT). This metric quantifies the system’s
ability to maintain usable perception under time-varying conditions and is evaluated in
Section 5 for both controlled emulation and real-network trials.

Experimental Evaluation

This section describes the experimental evaluation of the proposed RSU-to-cloud
cooperative perception system. A hybrid approach balances reproducibility (controlled
emulation) with real-world realism (long-duration public-network trials). All experiments
are conducted on the same integrated bench testbed comprising the RSU sensing and
encoding pipeline, dual uplink interfaces, a cloud-based perception service, and a vehicle-
side client.
Testbed Description

The testbed consists of a Linux-based RSU equipped with an industrial camera

and an H.265 video encoder, two independent uplink interfaces (a public 5G cellular
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modem and a Starlink terminal), a cloud-based GPU inference server running YOLOvVS-
small on an AWS EC2 G4dn.xlarge instance, and a Linux-based vehicle client. All
components operate continuously and autonomously during each experiment.

A dedicated Linux impairment node is deployed as an Ethernet bridge between
the RSU and the two uplink terminals as shown in Figure 13. The RSU forwards encoded
video traffic to the bridge, which routes packets to the selected uplink according to the
RSU-side decision logic. In emulation mode, the bridge applies controlled impairments;
in real-network mode, it operates as a transparent bridge.

Evaluation Modes

Two evaluation modes are supported on the same physical testbed. The only
difference is whether controlled network impairments are applied at the impairment node.
Controlled Emulation Mode
In controlled emulation mode, deterministic and repeatable impairments (bandwidth
constraints, added latency, packet loss, and bursty patterns) are applied using Linux
traffic control (tc) with netem and shaping disciplines (htb). Impairments are injected on
the egress interface of the currently selected uplink. Each scenario runs for a fixed
duration and is repeated across multiple trials to validate the correctness, stability, and
triggering behavior of the latency-feasibility logic, predictive failover, hysteresis, and
conditional adaptive compression, including edge cases such as simultaneous degradation
of both uplinks. Emulation results are used solely for logic validation and do not claim

real-world performance.
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RSU
Camera + H.265
Decision Logic

l Same bench used for

Video (H.265)emulation and real-network trials

Impairment Node 3G Uplink
(Bridge) Modem

Downlink: telemetry/ACK I Uplink: video

. Starlink Uplink
Cloud Perception Terminal

(GPU Inference)

l Perception outputs

Vehicle Client

Figure 13. Integrated bench testbed used for both controlled emulation and real-network
trials. The RSU transmits H.265-encoded video through an impairment node (transparent
bridge in real-network mode; traffic-conditioned in emulation mode) over either the 5G
or Starlink uplink. The cloud perception service returns telemetry/ACK messages for
online latency estimation and uplink selection, while perception outputs (bounding boxes,
classes, confidences) are delivered to the vehicle client.

Real-Network Trial Mode

In real-network mode, all traffic control rules are disabled, and the impairment
node operates transparently. The system streams over public 5G cellular and Starlink
connectivity under naturally occurring variability. Seven independent 24-hour continuous
trials are conducted on separate days. Radio and link-status context is logged alongside
application-layer metrics, including 5G RSRP/RSRQ and Starlink quality/obstruction

indicators (QSAT) USAT)'
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Ablation Configurations
To isolate the contribution of each adaptation component, three configurations are
evaluated during the real-network trials:
* 5G-only baseline: Starlink uplink disabled.
» Failover-only: Hybrid uplinks enabled, adaptive H.265 compression
disabled.
 Full system: Hybrid uplinks with conditional adaptive H.265 enabled.
This structure enables direct comparison of perception latency, availability, and
robustness under identical hardware and deployment conditions.
Measurements and Metrics
All measurements are collected online at the application layer. Uplink one-way
transmission latency is computed using timestamps recorded at the RSU immediately
before transmission and at the cloud upon reception. End-to-end perception latency is
measured from RSU frame capture to reception of the corresponding perception output at
the vehicle client. Perception availability is defined as the fraction of perception outputs
delivered within the latency bound L, ... Additional logged metrics include effective
uplink throughput, packet loss rate, and cloud inference latency. Link-status indicators
provide contextual information but are not used as primary performance metrics.
Short-horizon uplink delay estimates for predictive failover are computed using
exponential smoothing with decision interval At = 50 ms (matching the system control
loop period) and smoothing factor @ = 0.8 (selected to provide strong responsiveness to

rapid uplink changes while hysteresis and minimum dwell-time constraints ensure
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stability against transient spikes). These parameters are held constant across all
experiments to maintain consistency and enable direct comparison of results.
Results and Performance Evaluation

This section presents the experimental results of the proposed RSU-to-cloud
cooperative perception system. The evaluation is divided into three parts: (i) controlled
bench emulation to validate adaptation logic under repeatable stress conditions, (ii) long-
duration real-network trials over public 5G and Starlink connectivity to assess robustness
under natural variability, and (iii) perception-level performance using representative
object detection outputs from the deployed RSU camera.
Controlled Emulation Results

Controlled emulation experiments validate the hierarchical adaptation logic under
well-defined, repeatable impairment scenarios. These tests are not intended to represent
real-world performance but to demonstrate correct feasibility evaluation, predictive
failover behavior, switching stability, and recovery under deterministic network stress.
Only uplink delay impairments are simulated in the presented results, with all signal
indicators, predictions, control states, and perception metrics measured online from the
running system.
Latency Feasibility and Hierarchical Adaptation

Figure 14 shows a representative 600-second emulation isolating higher-layer
impairments as the sole source of latency variation. Subfigure (a) confirms excellent and
stable 5G radio conditions, with RSRP fluctuating mildly between approximately -72 to -
80 dBm and RSRQ between about -8 to -13 dB. Subfigure (b) shows consistently high
Starlink availability, remaining above 95% throughout (typically 96-100%).
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Subfigure (c¢) shows the measured one-way uplink latency T, under injected higher-layer

impairments. During nominal operation, latency remains stable at approximately 30—
40 ms for both links. Between ¢ &~ 180-300 s, moderate queueing effects increase
latency to roughly 50-90 ms. A short dual-impairment interval near t ~ 330-370 s
produces peak latencies of approximately 105 ms (5G) and 110 ms (Starlink). After
t ~ 380 s, both links recover to baseline levels below 45 ms. The control threshold
L. = 50 ms is exceeded during the moderate and severe intervals, with the most
significant excursions occurring during the brief dual-congestion window.

Controller decisions are driven purely by the predicted uplink latency ?up. The

system starts on 5G. It switches to Starlink at t &~ 210 s as predicted 5G latency rises
above predictions for Starlink. During the severe dual-impairment window (= 330—

370 s), both predictions exceed L. = 50 ms, triggering adaptive H.265 mode as last-
resort resilience. Even in this state, the controller continues best-effort link selection,
briefly favoring Starlink then reverting to 5G as 5G recovers faster. After t ~ 360 s,

stable low-latency conditions resume on 5G.

Subfigure (e) reports delivered video streaming quality at the vehicle client remains
robust. Nominal operation maintains stable 30 FPS with near-zero dropped frames.
During moderate impairment periods, FPS remains close to 30 with minimal drops. In the
severe dual-impairment interval with adaptive H.265 active, quality is preserved at 24—

26 FPS with dropped frames peaking around 2—4% before recovering fully.

These results confirm that higher-layer impairments alone—despite excellent radio

conditions—can drive uplink latency beyond strict real-time thresholds. The predictor-
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driven controller reliably performs proactive link switching based on fup and invokes

adaptive compression only during true dual infeasibility. The system exhibits stable
switching without oscillations and effective recovery, maintaining acceptable video

quality throughout.
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Higher-layer impairments only; decisions driven by predicted uplink latency
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Figure 14. 600-second controlled bench emulation under stable radio-layer conditions.
Excellent 5G RSRP/RSRQ and Starlink quality greater than 95% are maintained, while
higher-layer impairments only are introduced. Decisions are driven by predicted uplink

latency ?up. The controller selects the link with the lowest predicted latency when at least
T.p = L. = 50ms); adaptive H.265 compression activates only as last

one is feasible (T,
resort when both predictions exceed L, (F(t) = @). Controller update period = 30s.
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Switching Stability

Across all emulated scenarios, no oscillatory switching occurs. Temporal smoothing
(a = 0.8), hysteresis, and minimum dwell-time constraints effectively prevent rapid
back-and-forth transitions.

Table 11 summarizes the key performance metrics across four representative 600-
second controlled emulation scenarios designed to stress-test the hierarchical adaptation
logic under different congestion patterns. The first three rows correspond to single-link or
dual-link degradation cases without the full set of countermeasures (5G congestion only,
Starlink congestion only, and simultaneous degradation of both uplinks). The last row
reports results for the complete proposed system, which combines predictive failover
with last-resort adaptive H.265 compression. The metrics include the observed peak and
95th-percentile uplink transmission latency (), the 95th-percentile end-to-end
perception latency, the total time spent in adaptive compression mode, and the overall
perception availability (fraction of frames with end-to-end latency = L., = 100 ms).
These results demonstrate that relying on a single uplink exposes the system to
significant tail latency and availability degradation during congestion events, whereas
predictive failover alone already substantially improves robustness. The full hierarchical
approach further reduces time in degraded mode and achieves the highest availability
(99.4%) by invoking compression only during rare dual-infeasibility periods, confirming

the effectiveness of prioritizing connectivity switching over bitrate reduction.
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Table 11. Summary of key emulation scenarios (600 s duration, end-to-end
Linax = 100 ms)

Scenario Peak 9S5th Perc. | 95th Perc. Time in Availability
Typ (ms) Typ (ms) E2E (ms) | Adaptive (s) (%)

5G congestion 198 132 178 0 96.5

only

Starlink 179 127 172 0 96.1

congestion only

Dual 248 141 192 36 94.8

degradation

Full system

(hierarchical) 215 92 138 12 99 .4

o

Feasibility decisions are based on predicted uplink latency T,

up = Lo = 50 ms. Peak

and 95th percentile T, reflect values on impaired links during transients; predictive
failover proactively selects the better link. E2E = full end-to-end perception latency
measured from RSU frame capture to vehicle reception of perception outputs.
Availability = fraction of frames with measured E2E < 100 ms. Adaptive H.265
compression (last-resort) reduces packet size and effective T, during brief dual-
infeasibility periods.

The high 95th percentile E2E values in some scenarios reflect tail latency during
transient impairments or brief switch hysteresis; however, the hierarchical adaptation
(failover as primary mechanism) ensures that the vast majority of frames (99.4% in the
full system) meet the E2E bound of 100 ms.

Real-World Network Evaluation
Seven independent 24-hour trials were conducted over public 5G cellular and

Starlink connectivity under naturally occurring conditions, with no artificial impairments.
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These experiments assess robustness, switching behavior, and adaptation frequency in a
realistic roadside deployment.

Table 12 summarizes uplink mode occupancy across the 7-day dataset for the three
ablation configurations. The 5G-only baseline uses the terrestrial link exclusively.
Enabling predictive failover yields 68.4% 5G and 31.6% Starlink operation,
demonstrating effective exploitation of short-horizon latency predictions. In the full
system, occupancy is 64.2% 5G, 29.1% Starlink, and adaptive compression activates for
only 6.7% of runtime. This low duty cycle confirms that predictive failover resolves most
excursions.

Table 12. Uplink mode occupancy over the 7-day real-network trials.

Configuration | 5G (%) | Starlink (%) | Adaptive H.265 (%)
5G-only 100.0 0.0 0.0
Failover-only | 68.4 31.6 0.0
Full system 64.2 29.1 6.7

When adaptive H.265 compression triggers, bitrate reduces from 5 Mbps to 2.5—
4.0 Mbps. Table 13 shows corresponding mAP@0.5 drops of only 2.3% at 4 Mbps, 5.0%
at 3 Mbps, and 7.4% at 2.5 Mbps relative to nominal. These modest degradations
highlight the efficiency of conditional compression as a last-resort safety net.

Table 13. Mean Average Precision as a Function of Encoding Bitrate.

Bitrate (Mbps) | mAP (Nominal) | mAP (Adaptive) | Relative Drop (%)
5.0 0.812 - -
4.0 - 0.793 2.3
3.0 - 0.771 5.0
2.5 - 0.752 7.4

Perception Output and Detection Performance
Figure 15 shows representative detection outputs from the YOLOv8-small model on

RSU camera footage during the 7-day trials. Vehicles, traffic lights, pedestrians, and

59



other road users are consistently detected with confidence scores typically exceeding
95%. Bounding boxes remain spatially stable and accurately aligned, even when adaptive
H.265 compression is active.

This visual robustness is quantitatively supported by Table 13. Nominal encoding at
5 Mbps yields 0.812 mAP@0.5. At reduced bitrates (2.5-4.0 Mbps) during adaptive
mode, relative drops remain limited to 2.3—7.4%. These results confirm that conditional
compression—activated only briefly (6.7% runtime)—preserves acceptable detection

performance while maintaining latency bounds under heterogeneous 5G and Starlink

conditions.
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Figure 15. Representative object detection outputs from the cloud-based YOLOvS8-small
model using RSU camera footage during real-network trials. Vehicles, traffic lights,
pedestrians, and other road users are detected with high confidence (typically greater than
95%). Bounding boxes remain stable and well-aligned, even during adaptive H.265
operation at reduced bitrate.
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Conclusion

This paper presented a cloud-based RSU-to-cloud cooperative perception system that
maintains bounded end-to-end perception latency and high availability under
heterogeneous and time-varying network conditions. The proposed architecture integrates
predictive connectivity failover with conditional adaptive video streaming in a
hierarchical manner, prioritizing uplink selection over compression to exploit the
complementary low-latency strengths of 5G and Starlink links.

A lightweight, communication-constrained perception model was introduced to
formalize latency feasibility and perception availability. Uplink one-way transmission
latency is treated as the dominant and most variable component; to conservatively ensure
end-to-end latency L;(t) < L.« = 100 ms, feasibility decisions use a tighter control

o~

threshold on predicted uplink latency (T,

< L. = 50 ms).

The system was implemented on a real RSU-to-cloud testbed featuring an industrial
camera, dual uplinks, cloud-hosted GPU inference (YOLOv8-small), and a vehicle-side
client. Evaluation combined controlled bench emulation (to validate adaptation logic
under repeatable stress) with long-duration real-network trials over public 5G and
Starlink connectivity (to assess robustness under natural variability).

Results demonstrate that predictive failover significantly improves robustness to
latency excursions, reduces perception outages, and preserves usable detection accuracy
under network degradation. In the full hierarchical system, adaptive H.265 compression
activates only as a last resort (e.g., 12 s in 600 s emulation stress cases, 6.7% runtime in

real-network trials) and ensures bounded latency during severe simultaneous impairments

with only modest impact on downstream perception quality (mAP@0.5 drop of 2.3-7.4%
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at reduced bitrates 2.5-4.0 Mbps). Overall availability reaches 99.4% in controlled stress
scenarios, confirming that the primary gains arise from treating communication as a
controllable subsystem rather than a fixed constraint.

Future work will extend the framework to multi-RSU coordination and multi-sensor
fusion, investigate learning-based predictors for improved anticipation of network
degradation, and explore integration with edge computing platforms and standardized
V2X communication stacks to enhance scalability, interoperability, and deployment

readiness in intelligent transportation systems.
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CHAPTER SIX

CONCLUSION AND FUTURE WORK

This chapter presented a cloud-assisted RSU-to-cloud cooperative perception
framework designed to maintain bounded end-to-end perception latency and high
perception availability under heterogeneous and time-varying communication conditions.
Unlike conventional approaches that treat connectivity as a static constraint, the proposed
system explicitly models communication as a controllable subsystem and integrates
predictive uplink selection with conditional adaptive video streaming in a hierarchical
manner.

A lightweight latency-feasibility model was introduced to formalize uplink
eligibility based on predicted one-way transmission delay relative to a specified latency
bound. This model enabled proactive failover between public 5G cellular and low-Earth-
orbit satellite links using short-horizon latency prediction, with adaptive H.265
compression invoked strictly as a last-resort mechanism when no feasible uplink was
available. By prioritizing connectivity selection over compression, the system minimizes
unnecessary degradation of visual quality while preserving perception continuity.

The framework was implemented on a real RSU-to-cloud testbed and evaluated
using a hybrid methodology combining controlled network emulation and long-duration
real-network trials. Controlled emulation demonstrated correct triggering behavior,
switching stability, and recovery under deterministic impairment scenarios, confirming
the effectiveness of predictive failover and hysteresis-based control. Seven 24-hour real-

network trials further showed that hybrid connectivity substantially improves perception
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availability compared to a 5G-only baseline, while the full system achieves near-
continuous perception delivery by activating adaptive compression only during rare dual-
link degradation events.

Experimental results indicate that the primary performance gains arise from
proactive uplink selection rather than aggressive video adaptation. Average end-to-end
latency remains relatively low across configurations, while tail latency and perception
availability improve significantly with hybrid connectivity and predictive control.
Importantly, adaptive H.265 compression is required for only a small fraction of total
runtime, demonstrating that the proposed architecture preserves visual fidelity and
detection accuracy during normal operation while maintaining robustness during adverse
network conditions.

Overall, this work demonstrates that infrastructure-assisted cooperative perception
can achieve reliable, low-latency operation over commodity wireless networks when
communication is treated as a first-class control variable. The proposed architecture
provides a practical pathway toward deployable RSU-cloud perception systems capable
of supporting safety-critical autonomous driving applications in real-world environments.

While this study establishes the feasibility and benefits of predictive uplink
failover combined with conditional adaptive streaming for single-camera RSU
perception, several important directions remain for future research.

First, the current implementation focuses on monocular roadside sensing.
Extending the framework to multi-sensor RSUs incorporating LiDAR, radar, and multi-
camera arrays represents a natural progression. Multi-modal fusion at the cloud or edge

would enable more robust perception under occlusion and adverse weather, while
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introducing new challenges in bandwidth allocation, synchronization, and cross-sensor
latency coordination.

Second, the present system evaluates a single RSU communicating with a
centralized cloud service. Future work will investigate large-scale deployments involving
multiple RSUs and vehicles, where cooperative perception must be coordinated across
intersections or road segments. Such scenarios introduce additional complexity in
network resource sharing, load balancing, and distributed scheduling, motivating the
development of city-scale orchestration strategies and RSU-to-RSU cooperation
mechanisms.

Third, the predictive uplink selection currently relies on short-horizon exponential
smoothing of measured latency. More advanced learning-based predictors incorporating
historical network context, radio-layer indicators, and environmental features could
further improve switching accuracy and reduce unnecessary transitions. Reinforcement
learning approaches may also be explored to jointly optimize uplink selection, encoding
parameters, and cloud resource allocation.

Fourth, while this work focuses on latency feasibility and perception availability,
future studies will incorporate energy efficiency, monetary cost, and carbon footprint as
explicit optimization objectives. Such multi-objective formulations are essential for
sustainable large-scale deployment of cloud-assisted autonomous systems.

Finally, integration with emerging edge computing platforms and 6G network
architectures presents opportunities to further reduce latency and improve reliability.

Hybrid edge—cloud processing, dynamic function placement, and network slicing could
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enable tighter real-time guarantees while reducing dependency on distant cloud
infrastructure.

Together, these directions aim to evolve the proposed system from a single-RSU
prototype toward a scalable, multi-sensor, city-wide cooperative perception platform

capable of supporting next-generation autonomous transportation systems.
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