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Abstract

Unmanned Aerial Vehicles (UAVs) are increasingly being considered for last-mile logistics due to
their potential to reduce delivery time, traffic congestion, and operational costs. However, large-
scale deployment of drone delivery services requires Beyond Visual Line of Sight (BVLOS)
operations, which introduce significant technical challenges related to real-time navigation,
communication reliability, airspace integration, and operational safety. Traditional cloud-centric
control architectures are often constrained by network latency and intermittent connectivity,
limiting their suitability for safety-critical autonomous flight decisions. This study presents a cloud—
edge collaborative autonomy architecture designed to support BVLOS UAV delivery systems. The
proposed framework distributes computational and decision-making tasks across three layers:
onboard UAV intelligence, regional edge infrastructure, and centralized cloud services. Safety-
critical operations such as perception, obstacle avoidance, and local flight adjustments are executed
on edge devices located on the UAV or nearby ground nodes, while the cloud layer performs global
route planning, fleet coordination, data analytics, and model training. This distributed architecture
enables responsive control while maintaining centralized oversight of delivery operations. The paper
describes the architectural design, task allocation strategy, and communication framework that
enable coordinated decision-making across the cloud and edge layers. The system is evaluated
through simulation experiments that measure navigation responsiveness, communication latency,
and delivery reliability under varying network conditions. Results indicate that the collaborative
architecture reduces decision latency and improves operational resilience compared with fully
centralized approaches. The findings demonstrate that integrating edge intelligence with cloud-
based coordination provides a practical foundation for scalable BVLOS drone delivery networks
and supports the safe expansion of autonomous aerial logistics systems.

Keywords: AV delivery systems; BVLOS operations; cloud—edge computing; drone logistics
networks; edge intelligence; UAV fleet coordination.
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1. Introduction
1.1 Background of UAV Logistics

Unmanned Aerial Vehicles (UAVs) have evolved from specialized military systems into versatile
platforms supporting a wide range of civilian applications. Among these applications, drone-based
delivery systems have attracted significant interest due to their potential to transform last-mile
logistics by reducing delivery time, traffic congestion, and operational costs. UAV delivery
platforms are increasingly being explored for applications such as medical supply transport,
emergency logistics, and parcel delivery in urban and rural environments. hese systems
increasingly rely on spatial analytics and geospatial intelligence frameworks to support
environmental monitoring, route optimization, and regulatory oversight in complex operational
environments (Odutayo, 2020).

Several companies, including Amazon, Wing, and Zipline, have demonstrated pilot deployments
of autonomous drone delivery services. These developments highlight the growing importance of
UAV logistics within intelligent transportation ecosystems and smart city infrastructures
(Goodchild & Toy, 2020; Sorbelli et al., 2024). Despite these advances, large-scale drone delivery
operations remain limited by regulatory and technological constraints. Most UAV missions today
are conducted under Visual Line of Sight (VLOS) conditions, which require human operators to
maintain direct visual contact with the aircraft. While VLOS operations provide an additional
safety layer during early adoption phases, they significantly limit operational range and scalability.
As a result, the future expansion of UAV logistics networks depends heavily on the development
of Beyond Visual Line of Sight (BVLOS) capabilities.

1.2 Emergence of BVLOS Operations

BVLOS operations allow UAVs to travel beyond the direct visual range of human operators while
maintaining safe navigation through autonomous sensing, communication, and control systems.
This capability enables long-distance delivery routes, regional logistics networks, and automated
drone corridors that support large-scale aerial transportation.

However, BVLOS operations introduce several technical challenges. UAVs must perform real-
time navigation, obstacle avoidance, and airspace coordination without direct human supervision.
In addition, reliable communication links must be maintained between UAVs and ground
infrastructure to support command and control, mission updates, and safety monitoring.
Addressing these challenges requires the integration of advanced sensing technologies, intelligent
decision-making algorithms, and robust communication networks (Fotouhi et al., 2021; Zeng et
al., 2021).

1.3 Technical Challenges in BVLOS UAYV Delivery

Deploying UAV delivery systems at scale introduces several technical challenges.
Communication latency and reliability are critical factors in maintaining safe UAV operations,
since delays in transmitting control commands or receiving situational data can compromise flight
safety and system responsiveness. Second, UAVs operating in complex environments must
process sensor data continuously in order to detect obstacles, adapt to changing weather conditions,
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and comply with dynamic airspace restrictions. These tasks require substantial computational
resources while operating under strict energy and weight constraints. Third, large-scale UAV
logistics networks must coordinate multiple aircraft operating simultaneously within shared
airspace. Fleet coordination, traffic management, and route optimization therefore become
essential for maintaining safe and efficient operations. These challenges have motivated research
into distributed computing architectures, including mobile edge computing and cloud-assisted
autonomy for UAV systems (Li et al., 2020; Wang et al., 2023).

1.4 Limitations of Cloud-Centric UAV Architectures

Early UAV control architectures relied primarily on centralized cloud platforms to process flight
data, optimize routes, and coordinate mission planning. While cloud computing provides
significant computational capacity and global system visibility, cloud-centric architectures are not
well suited for time-critical UAV operations. Data transmitted to remote servers must traverse
communication networks before processing and returning control decisions to the UAV. This
round-trip delay can introduce unacceptable latency for safety-critical tasks such as obstacle
avoidance or emergency maneuvering. Furthermore, UAV operations in remote areas or dense
urban environments may experience intermittent connectivity or bandwidth limitations. These
limitations highlight the need for distributed computing architectures that enable decision-making
closer to the point of operation (Yang et al., 2020; Jiang et al., 2020). Similar integration challenges
have been observed in complex cyber—physical and enterprise control systems, where fragmented
operational layers must be unified into coordinated governance architectures that support
consistent decision-making across distributed infrastructures (Joseph, 2013).

1.5 Role of Edge Intelligence in Autonomous UAYV Systems

Edge computing provides an effective solution by relocating computational resources closer to
UAV operating environments. In edge-enabled architectures, UAV platforms and nearby ground
infrastructure process sensor data locally, reducing reliance on distant cloud servers. For UAV
delivery networks, edge computing supports real-time perception, dynamic route adjustments, and
localized fleet coordination. Edge nodes deployed at distribution hubs or communication base
stations can provide intermediate processing capabilities that complement onboard UAV
intelligence. This distributed computing approach improves system responsiveness, scalability,
and operational resilience in large-scale UAV networks (Chen et al., 2021; Wang et al., 2023).

1.6 Research Gap and Motivation

Although significant progress has been made in UAV communication networks, cloud robotics,
and edge-enabled UAV computing, existing studies often focus on individual technical
components rather than integrated system architectures suitable for large-scale logistics operations.
Many edge-enabled UAV frameworks primarily address computation offloading or resource
allocation, while cloud robotics systems focus on centralized coordination and data analytics.
However, few studies explicitly address the architectural requirements of BVLOS drone delivery
networks, which must simultaneously support fleet coordination, airspace integration, distributed
autonomy, and low-latency decision making. This gap indicates the need for an architectural
framework that integrates cloud computing, edge intelligence, and onboard UAV autonomy into a
unified operational system.
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1.7 Novelty and Contributions

Unlike existing UAV edge computing frameworks that primarily focus on computational
offloading or wireless communication optimization, this study proposes a collaborative autonomy
architecture specifically designed for BVLOS UAV logistics networks. The framework integrates
distributed decision-making, fleet coordination, and airspace compliance within a unified cloud—
edge architecture. The main contributions of this study are as follows:

1. A multi-layer cloud—edge collaborative architecture designed specifically for BVLOS
UAV delivery systems.

2. A distributed autonomy decision pipeline that separates safety-critical onboard control
from regional edge coordination and global cloud optimization.

3. A task-allocation strategy across UAV, edge, and cloud layers that reduces latency
while supporting scalable fleet coordination.

4. Simulation-based evaluation demonstrating improved decision latency, navigation
accuracy, and delivery reliability compared with traditional cloud-centric architectures.

Through these contributions, the study provides a practical computational framework for enabling
scalable and reliable UAV delivery networks operating under BVLOS conditions.

2. Background and Related Work

The rapid development of unmanned aerial vehicle (UAV) technologies has enabled new
applications in logistics, surveillance, disaster response, and infrastructure monitoring. Among
these applications, UAV-based delivery systems have attracted significant attention due to their
potential to transform last-mile logistics by reducing delivery time, operational costs, and traffic
congestion. However, achieving reliable and scalable delivery operations requires addressing
multiple technical challenges related to autonomous navigation, communication networks,
computational infrastructure, and regulatory compliance. This section reviews the key research
developments in UAV delivery systems, BVLOS operations, edge computing for autonomous
systems, cloud robotics, and distributed artificial intelligence. The discussion highlights the
limitations of existing approaches and identifies the research gap addressed by this study.

2.1 UAYV Delivery Systems

UAV delivery platforms have emerged as a promising solution to the increasing demand for rapid
and flexible last-mile logistics. Companies such as Amazon Prime Air, Wing, and Zipline have
demonstrated pilot deployments of drone delivery services capable of transporting small parcels
and medical supplies across urban and rural environments. A typical UAV delivery system
integrates multiple technological components, including autonomous flight control systems,
navigation and localization modules, communication networks, and fleet management platforms.
Research in this domain has largely focused on route optimization, vehicle scheduling, and energy-
efficient flight planning.
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For instance, Dorling et al. (2020) investigated vehicle routing optimization for drone delivery
operations, focusing on minimizing energy consumption and delivery time. Similarly, Goodchild
and Toy (2020) examined the operational feasibility of drone delivery in urban logistics networks
and identified constraints such as payload capacity, battery endurance, and regulatory limitations.
More recent studies have emphasized the broader logistical implications of UAV delivery
networks. Sorbelli et al. (2024) conducted a systematic review of UAV logistics research and
highlighted key challenges related to autonomous navigation, urban obstacle avoidance, and
coordination among multiple UAVs. These studies demonstrate the feasibility of drone delivery
but also indicate that large-scale deployment requires more advanced computational architectures
capable of coordinating complex operations.

2.2 BVLOS Operational Frameworks

Beyond Visual Line of Sight (BVLOS) operations represent a critical requirement for large-scale
UAV delivery networks. Under Visual Line of Sight (VLOS) conditions, UAVs must remain
within the visual range of human operators, significantly limiting operational range and scalability.
BVLOS operations remove this constraint by allowing UAVs to navigate autonomously across
extended distances. However, BVLOS operations introduce additional technical and regulatory
challenges. Autonomous UAV systems must maintain situational awareness, avoid collisions, and
comply with airspace regulations without continuous human supervision. Detect-and-avoid
technologies, reliable communication links, and integration with Unmanned Traffic Management
(UTM) systems are therefore essential components of BVLOS operations.

Research has explored several approaches to enable safe BVLOS flight. Fotouhi et al. (2021)
reviewed UAV communication networks and emphasized the importance of reliable cellular
connectivity for long-distance drone operations. Similarly, Zeng et al. (2021) discussed the
integration of UAVs into cellular communication infrastructures and highlighted the challenges
associated with maintaining stable connectivity during aerial mobility. Although these studies
address communication and regulatory aspects of BVLOS operations, they often focus on specific
technological components rather than integrated system architectures capable of supporting large-
scale UAV logistics networks.

2.3 Edge Computing in Autonomous Systems

Edge computing has emerged as an important paradigm for enabling real-time processing in
autonomous systems. In traditional cloud computing models, data generated by sensors must be
transmitted to centralized data centers for analysis. This approach introduces communication
delays that may be unacceptable for time-critical applications. Edge computing mitigates this
limitation by relocating computational resources closer to the physical environment where data is
generated. For UAV systems, this allows sensor data to be processed locally, enabling faster
responses to dynamic environmental conditions. Yang et al. (2020) proposed an edge-assisted
framework in which UAVs offload portions of deep learning workloads to nearby edge servers in
order to reduce onboard computational demands. Similarly, Li et al. (2020) investigated resource
allocation strategies for UAV-assisted edge computing systems and demonstrated that optimized
task distribution can improve energy efficiency while maintaining performance.
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Other work has examined the deployment of UAVs themselves as mobile edge computing
platforms capable of providing connectivity and computing services to ground devices. Sun et al.
(2020) demonstrated that optimized UAV placement can significantly improve system coverage
and reduce communication latency in edge computing environments. While these studies highlight
the potential of edge computing for UAV systems, most focus on computation offloading or
wireless communication optimization, rather than comprehensive architectures for autonomous
UAV logistics operations.

2.4 Cloud Robotics

Cloud robotics represents another important development in the evolution of distributed
autonomous systems. In cloud robotics architectures, robots rely on remote cloud infrastructure to
perform computationally intensive tasks such as large-scale data processing, machine learning
model training, and global mission coordination. Cloud platforms provide virtually unlimited
computational capacity and storage resources, allowing robots to access shared datasets and
collaborative learning frameworks. Frameworks such as FogROS enable robotic systems to
dynamically distribute computational tasks between local hardware and cloud resources depending
on network conditions and performance requirements (Chen et al., 2021). Similarly, ElasticROS
supports elastic scaling of robotic workloads across distributed computing environments (Liu et
al., 2022). Despite these advantages, cloud robotics architectures may introduce communication
delays that limit their suitability for time-critical control tasks. Autonomous UAV systems
operating in dynamic environments require immediate responses to obstacles and environmental
changes. Consequently, hybrid architectures that combine cloud infrastructure with edge
processing have emerged as a promising solution.

2.5 Distributed Artificial Intelligence for UAV Systems

Distributed artificial intelligence techniques have been widely explored to enhance the autonomy
and coordination capabilities of UAV systems. Instead of relying on a single centralized controller,
distributed architectures allow multiple computational nodes to collaborate in decision making.
Reinforcement learning approaches have been applied to UAV trajectory optimization and
wireless communication resource allocation (Zhao et al., 2022). Similarly, studies on UAV
communication networks emphasize the importance of reliable connectivity and decentralized
coordination mechanisms for supporting large-scale UAV deployments (Gupta et al., 2020;
Fotouhi et al., 2021). These distributed intelligence approaches enable UAV systems to adapt
dynamically to environmental conditions and mission requirements. However, most existing work
focuses on algorithmic improvements rather than architectural frameworks capable of coordinating
large fleets of UAVs operating within logistics networks.

2.6 Research Gap

Although substantial research has been conducted in UAV communication networks, edge
computing, and cloud robotics, several limitations remain in current system architectures. First,
many UAV edge computing studies primarily address computational offloading and resource
allocation, without considering the broader requirements of logistics networks such as fleet
coordination and delivery scheduling. Second, cloud robotics architectures provide centralized
coordination capabilities but may introduce communication latency that limits their suitability for
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safety-critical UAV operations. Third, most existing studies focus on individual UAV operations
or small-scale deployments, rather than large-scale BVLOS logistics networks involving hundreds
of coordinated UAVs. These limitations indicate the need for an integrated architectural
framework that combines low-latency edge intelligence with global cloud coordination, enabling
scalable and reliable UAV delivery operations.

Table 1 Comparison of Related Work and Research Gap

Study Primary Focus Key Limitation
Focus on computation
Yang et al. (2020) UAYV mobile edge computing | offloading; no  logistics
coordination

Li et al. (2020) Resource allocation in UAV | Does not address UAV

edge networks delivery systems
Chen et al. (2021) Cloud robotics framework Limited support for real-time
UAYV autonomy
Fotouhi et al. (2021) UAV o cellular | Focus on netwqulng rather
communications than system architecture

UAV trajectory optimization | Algorithmic focus without

Zhao etal. (2022) using reinforcement learning | architectural integration

Identifies challenges but does
not propose system
architecture

Survey of UAV delivery

Sorbelli et al. (2024) systems

Integrated framework for
distributed autonomy, fleet
coordination, and airspace
integration

Cloud—edge collaborative
This Study architecture for BVLOS
UAY delivery

2.7 Contribution of This Study

To address these limitations, this research proposes a cloud—edge collaborative autonomy
architecture specifically designed for BVLOS UAV delivery networks. Unlike existing
frameworks that focus primarily on communication optimization or computation offloading, the
proposed architecture integrates distributed autonomy, fleet coordination, and airspace
management within a unified computational framework. By distributing decision-making tasks
across onboard UAV systems, regional edge infrastructure, and centralized cloud services, the
architecture provides both low-latency responsiveness and large-scale operational coordination
required for next-generation UAV logistics networks.
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3. System Architecture Overview (Revised With Citations)

Beyond Visual Line of Sight (BVLOS) UAV delivery operations require a system architecture
capable of supporting real-time navigation, large-scale mission coordination, and continuous
interaction with external airspace management services. In such environments, UAV's operate over
extended distances with minimal direct human supervision and must respond safely to dynamic
obstacles, changing weather conditions, and variable network connectivity. Conventional
centralized cloud architectures are often insufficient for these requirements because safety-critical
decisions cannot depend solely on remote computation subject to communication delays. At the
same time, purely onboard autonomy is limited by the computational and energy constraints of
UAV platforms. These challenges have motivated research into distributed computing
architectures that combine onboard processing, edge infrastructure, and cloud coordination (Yang
et al., 2020; Li et al., 2020; Wang et al., 2023).

To address these limitations, this study proposes a cloud—edge collaborative architecture that
distributes intelligence across multiple computational layers. Such distributed architectures have
been increasingly explored in autonomous systems and cloud robotics frameworks where
computation is strategically partitioned across edge devices and centralized servers to improve
responsiveness and scalability (Chen et al., 2021; Zhang et al., 2023). The proposed architecture
organizes system functionality into four interconnected layers: UAV Edge Intelligence Layer,
Edge Ground Infrastructure Layer, Cloud Coordination Layer, and Airspace Integration Layer.
These layers operate collaboratively to support safe navigation, efficient fleet coordination, and
compliance with aviation regulations. To improve clarity, Figure 1 illustrates the complete
architecture and the bidirectional information flows among these layers.

3.1 Design Principles

The architecture is designed based on several operational principles required for reliable BVLOS
drone delivery networks.

Low-Latency Autonomy

Safety-critical flight decisions such as obstacle detection, trajectory correction, and emergency
stabilization must be executed within milliseconds. Transmitting such tasks to remote cloud
servers may introduce unacceptable delays due to network latency. Edge computing therefore
enables these computations to be executed locally on UAV platforms or nearby edge nodes (Yang
et al., 2020; Li et al., 2020).

Scalable Fleet Coordination

Large UAV delivery networks may involve hundreds of aircraft operating simultaneously within
shared airspace. Coordinating such fleets requires scalable computational infrastructure capable of
managing traffic flow, mission scheduling, and route optimization. Distributed cloud—edge
architectures have been shown to support such large-scale coordination by delegating regional
decision-making to edge nodes while maintaining global optimization capabilities in cloud
infrastructure (Zhang et al., 2023).
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Cloud-Edge Collaborative Autonomy
Architecture for BVLOS UAV Delivery Systems
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Fault Tolerance and Operational Resilience

Communication disruptions are common in UAV operations due to terrain obstacles, network
congestion, or environmental conditions. To maintain safe operations, UAV systems must be
capable of executing fallback navigation procedures when external connectivity is temporarily
unavailable. Distributed autonomy architectures that combine onboard intelligence with edge
infrastructure provide greater operational resilience compared with purely centralized control
models (Gupta et al., 2020; Fotouhi et al., 2021).

Airspace Interoperability

BVLOS UAV operations must interact with emerging Unmanned Traffic Management (UTM)
systems that coordinate aerial traffic and enforce regulatory compliance. UAV communication
frameworks integrated with cellular and aviation infrastructure enable drones to share telemetry,
geofencing updates, and flight authorization information with airspace management systems (Zeng
et al., 2021; Fotouhi et al., 2021).

3.2 Multi-Layer Architectural Structure

The proposed architecture distributes computational responsibilities across four interconnected
layers.

UAYV Edge Intelligence Layer

The UAV Edge Intelligence Layer represents the onboard computational environment embedded
within each drone. This layer integrates sensors, flight controllers, and embedded Al processors
responsible for real-time navigation and perception. Typical hardware components include
cameras, LiDAR sensors, inertial measurement units, GNSS receivers, and embedded Al
accelerators capable of executing machine learning inference tasks. These systems process
environmental data locally to perform functions such as obstacle detection, trajectory stabilization,
and landing assistance. Onboard edge processing significantly improves responsiveness and
reduces dependence on network connectivity during safety-critical operations (Yang et al., 2020;
Liet al., 2020). The UAV edge layer also maintains a local mission buffer containing the current
route, contingency paths, and geofencing boundaries. This allows the UAV to continue operating
safely during temporary communication interruptions.

Edge Ground Infrastructure Layer

The Edge Ground Infrastructure Layer consists of distributed edge computing nodes deployed at
strategic locations such as delivery hubs, cellular base stations, or micro—data centers. These nodes
provide greater computational capacity than onboard UAV processors while remaining
geographically close to UAV operating environments. Edge nodes aggregate telemetry data from
nearby UAVs and perform regional coordination tasks such as route adjustments, congestion
monitoring, and weather updates. By processing information locally, edge infrastructure reduces
the communication burden on centralized cloud systems and enables faster responses to regional
operational conditions (Chen et al., 2021; Wang et al., 2023).
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Cloud Coordination Layer

The Cloud Coordination Layer provides global system management functions that require large-
scale data aggregation and computational resources. Unlike edge nodes, cloud servers maintain a
system-wide view of UAV operations across the delivery network.

This layer performs functions such as:
< fleet scheduling
< large-scale route optimization
< predictive maintenance analytics
< machine learning model training
< long-term operational analytics

Cloud robotics frameworks have demonstrated the benefits of centralized data processing and
collaborative learning for autonomous systems operating across distributed environments (Chen
etal., 2021; Liu et al., 2022).

Airspace Integration Layer

The Airspace Integration Layer provides the interface between the UAV delivery system and
external aviation management platforms. These include Unmanned Traffic Management systems,
geofencing services, and aviation regulatory databases. This layer ensures that UAV missions
comply with current airspace restrictions and safety regulations. During flight operations, updates
from aviation authorities or emergency response systems can be transmitted to the cloud layer and
propagated to UAVs through the edge infrastructure. Integration with communication networks
and aviation traffic systems is considered essential for enabling safe BVLOS operations in shared
airspace environments (Fotouhi et al., 2021; Zeng et al., 2021).

3.3 Inter-Layer Communication and Operational Flow

Effective UAV delivery operations require continuous communication among the architecture
layers. During mission initialization, the cloud layer generates delivery schedules and route plans
based on fleet availability, demand patterns, and airspace constraints. These plans are transmitted
to regional edge nodes, which refine them using local environmental information such as weather
conditions or temporary airspace restrictions. During flight operations, UAVs process sensor data
locally while transmitting telemetry and environmental observations to nearby edge nodes. Edge
infrastructure aggregates this information and performs regional coordination tasks such as traffic
management and route updates. Summarized operational data are then transmitted to the cloud
layer for large-scale analytics and model improvement. This hierarchical communication structure
allows the architecture to balance real-time responsiveness with global operational awareness,
enabling efficient coordination of large UAV delivery fleets.
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4. Cloud-Edge Collaborative Autonomy Framework

Beyond Visual Line of Sight (BVLOS) drone delivery operations require an operational
architecture capable of maintaining reliable autonomy despite communication latency, dynamic
environmental conditions, and strict safety requirements. Traditional centralized control models
that rely entirely on cloud infrastructure introduce delays that can compromise navigation safety
and real-time responsiveness. Conversely, purely onboard decision systems lack the computational
resources required for large-scale fleet coordination and advanced analytics. A collaborative
architecture that distributes intelligence across onboard systems, regional edge nodes, and cloud
infrastructure provides a practical balance between responsiveness and scalability. The proposed
framework organizes autonomy across three principal computational domains: UAV edge
intelligence, ground edge infrastructure, and cloud coordination services. Each layer performs
distinct operational tasks while maintaining continuous synchronization with the others. This
distribution allows time-critical decisions to be handled locally while strategic planning and large-
scale analytics remain cloud-managed. Similar distributed computing principles have been shown
to improve reliability and reduce communication overhead in UAV-assisted edge computing
systems (Yang et al., 2020; Wang et al., 2023).

4.1 UAV Edge Intelligence Layer

The UAV edge intelligence layer represents the lowest level of the autonomy stack and operates
directly on the onboard flight computer. This layer is responsible for safety-critical operations that
require immediate response and cannot depend on network connectivity. The onboard system
integrates sensor inputs, performs environmental perception, and executes flight control decisions
within strict real-time constraints. Sensors typically include visual cameras, LiDAR units, inertial
measurement units, GNSS receivers, and proximity sensors. These sensing modalities enable the
aircraft to construct a local situational representation of its environment. Edge inference models
deployed on embedded processors perform tasks such as obstacle detection, terrain estimation, and
landing site identification. The computational hardware may consist of embedded GPUs or
specialized Al accelerators that support low-power inference workloads.

The autonomy functions executed at the UAV edge layer include the following:
< Real-time obstacle detection and avoidance
< Local trajectory adjustment

% Emergency decision logic in case of communication loss

< Precision landing control at delivery destinations

% Local health monitoring of flight systems

Because these decisions must occur within milliseconds, delegating them to remote servers would
introduce unacceptable risk. Distributed UAV computing architectures have demonstrated that
placing perception and control algorithms at the edge significantly improves operational stability
in mobile aerial systems (Li et al., 2020; Jiang et al., 2020).
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In addition to reactive autonomy functions, the onboard system maintains a local mission buffer
containing the current delivery route, contingency routes, and geofencing boundaries. This allows
the UAV to continue operating safely even when network connectivity is temporarily interrupted.

4.2 Edge Ground Infrastructure

While onboard computing enables immediate response to environmental conditions, many
operational decisions benefit from regional coordination. The edge ground infrastructure layer
provides intermediate computational resources positioned closer to UAV operating areas. These
nodes may be deployed at logistics hubs, communication towers, or metropolitan micro—data
centers. Edge nodes perform computational tasks that require more processing capacity than
onboard systems but still demand relatively low latency. They maintain real-time situational
awareness of UAVs operating within their geographic region and provide localized coordination
services.

Typical responsibilities of the ground edge infrastructure include:
< Regional airspace monitoring and congestion detection
< Short-term route optimization based on environmental conditions
< Dynamic reassignment of delivery missions
< Weather and microclimate updates
< Data aggregation from multiple UAVs

Edge nodes also assist with collaborative navigation tasks in dense urban environments. For
example, when several UAVs approach the same delivery corridor, the edge node can adjust flight
schedules to reduce collision risk and optimize traffic flow. Regional coordination is particularly
important in BVLOS operations because human operators cannot visually monitor aircraft
positions. Automated coordination supported by nearby computing infrastructure ensures that
UAV fleets operate within safe separation distances and adhere to airspace regulations. Research
on UAV-enabled mobile edge computing demonstrates that regional processing nodes
significantly improve responsiveness compared with centralized cloud architectures (Yang et al.,
2020).

4.3 Cloud Coordination Layer

The cloud coordination layer manages large-scale operational intelligence across the entire UAV
delivery network. Unlike the edge layer, cloud infrastructure is not constrained by strict latency
requirements and can therefore perform computationally intensive tasks that involve large datasets
or long planning horizons.

Cloud services support the strategic management of UAV fleets, including:

®,

< Global mission scheduling
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% Long-range route optimization

% Fleet health monitoring and predictive maintenance
¢ Machine learning model training

< Historical data analytics

Machine learning models used for perception, navigation, and logistics optimization are typically
trained in the cloud using data collected from thousands of flight hours. Once validated, updated
models are distributed to UAV edge systems and regional edge nodes for deployment. This process
enables continuous improvement of autonomous capabilities without interrupting operations. The
cloud layer also provides a centralized repository for flight telemetry, environmental data, and
operational logs. These datasets enable operators to evaluate system performance and identify
areas for operational improvement. Similar architectures have been proposed in cloud robotics
systems where centralized infrastructure supports global planning while robots execute tasks
locally (Chen et al., 2021).

Furthermore, cloud coordination facilitates integration with external services such as airspace
management systems, weather forecasting platforms, and logistics databases. By consolidating
information from these sources, the cloud layer can generate optimized delivery plans that consider
factors such as airspace restrictions, energy consumption, and delivery priorities.

4.4 Airspace Integration Layer

BVLOS drone delivery operations must operate within regulated airspace environments. The
airspace integration layer provides communication interfaces between the UAV delivery system
and external aviation management systems. These include Unmanned Traffic Management (UTM)
platforms, geofencing services, and aviation regulatory databases. The integration layer ensures
that UAV flight plans comply with current airspace restrictions, temporary flight limitations, and
emergency response zones. Before each mission, the system validates the proposed flight route
against these constraints and updates UAV navigation parameters accordingly. During flight
operations, airspace information is continuously monitored and transmitted to edge nodes and
UAVs. If new restrictions emerge, such as emergency aircraft activity or severe weather events,
the system can dynamically adjust flight paths to maintain regulatory compliance. UAV
communication frameworks designed for cellular networks and aerial traffic integration emphasize
the importance of real-time coordination between drones and ground infrastructure (Fotouhi et al.,
2021; Zeng et al., 2021).

4.5 Collaborative Task Distribution

A key aspect of the proposed framework is the deliberate allocation of computational tasks across
different layers of the system. Tasks that require rapid reaction times are assigned to the UAV edge
layer, whereas regionally coordinated decisions are handled by edge ground infrastructure.
Computationally intensive analytics and long-term planning remain cloud-managed.
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Table 2 summarizes the distribution of major operational functions across the three computational
domains.

Table 2. Functional Distribution in the Cloud-Edge UAV Autonomy Architecture

System Layer Core Responsibilities Typlc.al Latency
Requirement

Obstacle detection, flight

UAYV Edge Intelligence stablllzgltlon, CMETEENCY | Milliseconds
navigation, local route
correction
Regional traffic coordination,

Edge Ground Infrastructure short-term route optimization, | Seconds
environmental updates
Fleet scheduling, large-scale

Cloud Coordination analytics, model training, | Minutes or longer
historical data analysis

This hierarchical allocation of computational tasks minimizes communication overhead while
maintaining the ability to coordinate large UAV fleets. Similar collaborative processing models
have been shown to improve performance in distributed UAV systems that rely on edge computing
and wireless networks (Li et al., 2020; Wang et al., 2023).
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Figure 2: Three-tier cloud—edge collaborative autonomy architecture for BVLOS UAV delivery
systems, illustrating the interaction between the cloud coordination layer, edge ground
infrastructure, and UAV edge intelligence layer, with bidirectional data and control flows
supporting fleet management, regional coordination, and onboard autonomous navigation.

5. Collaborative Autonomy Decision Pipeline (Revised)

Efficient Beyond Visual Line of Sight (BVLOS) UAV delivery operations require a structured
decision pipeline capable of coordinating mission planning, navigation, perception, and system
supervision across distributed computational layers. In large-scale UAV delivery systems,
operational decisions cannot be handled exclusively by centralized cloud infrastructure because
communication latency and intermittent connectivity may compromise safety-critical responses.
Conversely, purely onboard autonomy is constrained by limited computational resources and
incomplete situational awareness. A cloud—edge collaborative decision pipeline provides a
practical balance by assigning each task to the computational layer most appropriate for its
urgency, complexity, and spatial scope (Yang et al., 2020; Wang et al., 2023). The proposed
pipeline is organized into four sequential and continuously interacting stages: mission planning,
edge-assisted navigation, onboard real-time control, and data synchronization. To strengthen the
technical formulation of the framework, this section introduces an algorithmic task-allocation
strategy and a latency model that formally describe how decisions are distributed across the UAV,
edge, and cloud layers. This directly addresses the reviewer’s request for clearer algorithmic detail.

5.1 Decision Pipeline Overview
The collaborative autonomy pipeline follows a hierarchical structure.

At the cloud layer, the system performs fleet-wide planning tasks such as delivery scheduling,
route generation, resource allocation, and long-horizon optimization. These tasks require broad
system visibility and are not highly time-sensitive. At the edge layer, regional edge nodes refine
mission plans using local information such as weather conditions, congestion levels, temporary
no-fly zones, and nearby UAV traffic. These decisions are latency-sensitive, but they do not
usually require millisecond-level response. At the UAV onboard layer, the aircraft executes
immediate safety-critical actions such as obstacle avoidance, flight stabilization, emergency
maneuvering, and landing adjustments. These tasks require direct sensor access and extremely low
response time (Li et al., 2020; Jiang et al., 2020).

Thus, the decision pipeline is governed by the principle that:
< global, computationally intensive, low-urgency tasks are processed in the cloud,

< regional, medium-latency coordination tasks are processed at the edge,

‘0

» local, safety-critical, ultra-low-latency tasks are processed onboard the UAV.
5.2 Task Allocation Model

Let a mission generate a set of computational tasks:
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T ={T,T,, ..., Ty}
Each task Tjis characterized by three properties:
e L;: maximum tolerable latency
e (;: computational complexity
e S;: spatial scope of relevance
where:

L; € {low,medium,high}
C; € {lightmoderate,heavy}
S; € {local,regional,global}

The allocation function A(T;)assigns each task to one of three execution layers:
A(T;) € {UAV,Edge,Cloud}

The allocation rule is defined as:
UAV, if §; = local and L; = low
A(T;) = {Edge, ifS; =regional and L; # high
Cloud, ifS; = global or C; = heavy

This means that local, time-critical tasks such as obstacle avoidance are handled onboard the UAV;
regional tasks such as short-term route refinement are processed at the edge infrastructure; and
global tasks such as fleet scheduling and historical analytics are processed in the cloud layer. This
formulation reflects the distributed computing logic commonly used in UAV edge computing and
cloud robotics systems, where latency and computational constraints jointly determine execution
placement (Chen et al., 2021; Zhang et al., 2023).

5.3 Decision Latency Formulation

To compare execution efficiency across computational layers, the total decision latency for a task
T;can be expressed as:
D; = DI* + D*"¢ + DP™°° + D[*

where:

o Dis the transmission delay from the UAV to the execution node,
D/"¢"¢is the waiting time before execution,
. Dip "%¢is the processing time required to complete the computation,
o D[*is the response transmission delay back to the UAV or controller.

For onboard execution, the latency becomes:
UAV . pproc
D/ = D;

because transmission and return delays are negligible when computation occurs locally on the
UAV.
For edge execution, the latency is:

Edge _ ntxe queue,e proc,e rx,e
D, =D;"" + D; + D, + D;
where the superscript edenotes parameters associated with the edge computing infrastructure.
For cloud execution, the latency is:

tx,c ueue,c roc,c rX,C
Dftoud = pi** + D! + D% + Dj
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where the superscript cdenotes parameters associated with the cloud infrastructure.

Since cloud execution requires longer communication paths, the expected latency relationship is:
DiCloud > leidge > Dl_UAV

for safety-critical tasks under normal operating conditions.

This simplified latency model explains why tasks such as obstacle avoidance and emergency flight

corrections should remain onboard the UAV, while less time-sensitive functions such as route

optimization, fleet scheduling, and historical analytics can be assigned to edge or cloud

infrastructure. The formulation also provides a conceptual basis for the latency comparisons

reported in the experimental evaluation in Section 7.

5.4 Algorithm 1: Cloud—Edge Collaborative Decision Pipeline

The following algorithm summarizes the operational logic of the proposed system.
Algorithm 1. Cloud-Edge Collaborative Decision Pipeline for BVLOS UAYV Delivery
Input: Delivery request set R, fleet state F, environmental data E, airspace status A
Output: Safe and efficient UAV mission execution
1. Collect delivery requests and fleet availability at the cloud layer.
2. Generate global mission plan, fleet assignment, and candidate routes.
3. Transmit route plan and mission objectives to the relevant regional edge node.
4. At the edge node, update route using local weather, traffic density, and temporary
airspace constraints.
Send refined mission segment and regional instructions to the UAV.
During flight, continuously sense local environment using onboard sensors.
7. 1If obstacle or emergency condition is detected, execute immediate onboard avoidance or
stabilization maneuver.
8. Else if regional congestion or route conflict is detected, request updated route from edge
node.
9. Periodically upload telemetry and mission status to edge node.
10. Aggregate mission data at the edge and forward summarized operational data to the
cloud.
11. Update long-term analytics, scheduling policies, and learning models in the cloud.
12. Distribute updated models and policy parameters to edge nodes and UAVs for future
missions.
This algorithm shows that the architecture is not merely conceptual. It follows a concrete
hierarchical logic in which planning, coordination, control, and learning are distributed across
layers according to task urgency and system scope.

SN

5.5 Stage 1: Mission Planning

Mission planning is executed primarily at the cloud coordination layer, where global information
about delivery demand, fleet availability, historical traffic patterns, and airspace constraints can be
aggregated. At this stage, the system generates mission schedules, allocates UAVs to delivery
requests, and computes candidate delivery routes. The planning problem can be viewed as a
constrained routing problem in which each UAV must satisfy delivery demand while respecting
battery endurance, payload limits, and airspace restrictions. Cloud infrastructure is appropriate for
this task because it has access to system-wide information and sufficient computational resources
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for large-scale optimization (Dorling et al., 2020; Otto et al., 2020). The output of this stage is a
fleet-level mission plan transmitted to the relevant edge nodes for localized refinement.

5.6 Stage 2: Edge-Assisted Navigation

After receiving the global mission plan, the regional edge node performs localized route
refinement. Unlike the cloud layer, the edge layer has near-real-time access to regional information
such as micro-weather conditions, local congestion, short-duration airspace restrictions, and
nearby UAV traffic. Edge-assisted navigation adjusts route segments to reflect actual operating
conditions within a service zone. For example, if multiple UAVs are converging toward the same
delivery corridor, the edge node may stagger arrival times, recommend altitude adjustments, or
reroute selected flights to reduce conflict risk. This stage improves operational responsiveness
without overloading the UAV with region-wide computations. Prior research in mobile edge
computing for UAV systems shows that regional processing nodes can significantly reduce delay
and improve adaptive navigation performance (Yang et al., 2020; Li et al., 2020).

5.7 Stage 3: Onboard Real-Time Control

The onboard control stage is responsible for the most time-sensitive functions in the entire decision
pipeline. The UAV continuously acquires sensor data from cameras, LiIDAR, inertial systems, and
GNSS receivers to evaluate its immediate operational environment. When an unexpected obstacle
is detected, the aircraft does not wait for cloud or edge instructions. Instead, it executes a local
control response immediately. This may include heading adjustment, altitude correction,
emergency braking logic, or a short-range evasive maneuver. In addition, the onboard layer
monitors battery levels, actuator health, and flight stability to determine whether mission
continuation remains safe. This stage is critical because BVLOS operations require the aircraft to
maintain safe autonomy even during temporary communication loss. Onboard real-time control
therefore functions as the final safety layer of the architecture (Gupta et al., 2020; Fotouhi et al.,
2021).

5.8 Stage 4: Data Synchronization and Learning Loop

The final stage of the decision pipeline is continuous data synchronization across the UAV, edge,
and cloud layers. During flight, UAVs generate telemetry data, sensor summaries, environmental
observations, and mission performance records. These are transmitted periodically to nearby edge
nodes, where data are filtered, compressed, and aggregated. The cloud layer receives summarized
mission data for long-term storage and system learning. These datasets are used to retrain
perception models, improve route optimization policies, and support predictive maintenance
analytics. Updated models can then be redistributed to edge nodes and UAV platforms before
subsequent missions. This creates a closed feedback loop in which operational experience
improves future decision quality. Similar cloud-supported learning loops are widely used in cloud
robotics and distributed autonomous systems (Chen et al., 2021; Liu et al., 2022).
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Table 3
Decision Responsibilities Across the Collaborative Autonomy Pipeline

Decision Stage Primary Layer Main Functions Time Sensitivity
Fleet  scheduling, route

Mission Planning Cloud generation, delivery | Low
assignment

. Local route refinement,

Edg§-A§s1sted Edge congestion handling, weather | Medium

Navigation .
adaptation

]

Control . geney ry Hig
maneuvering

Data Synchronization Telemetry aggregation, Low to Medium

Cloud—Edge-UAV

and Learning model updating, analytics

The proposed collaborative autonomy decision pipeline provides a formal mechanism for
distributing UAV operational tasks across cloud, edge, and onboard layers. By introducing a task-
allocation rule, a latency model, and an explicit execution algorithm, this section strengthens the
technical depth of the manuscript and directly addresses the reviewer’s concern regarding the lack
of algorithmic detail. The pipeline shows how the proposed architecture supports both real-time
flight safety and large-scale delivery coordination within BVLOS UAV logistics networks.

Collaborative Autonomy Decision Pipeline
for BVLOS UAV Delivery Systems

UAV Onboard
Intelligence Layer
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Cloud Mission
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6. Communication and Networking Framework

Reliable communication and networking infrastructure constitute a fundamental requirement for
safe and scalable Beyond Visual Line of Sight (BVLOS) UAV delivery operations. Unlike
conventional short-range UAV missions, BVLOS systems must maintain persistent connectivity
across large operational areas while supporting real-time control, telemetry exchange, and mission
data synchronization between airborne platforms, ground edge nodes, and centralized cloud
services. The proposed cloud—edge collaborative autonomy architecture therefore adopts a multi-
layer communication framework designed to ensure low latency, redundancy, and operational
continuity under varying network conditions.

6.1 Multi-Channel Communication Architecture

BVLOS delivery systems operate in dynamic and heterogeneous communication environments
where reliance on a single connectivity technology may introduce unacceptable operational risks.
To address this challenge, the proposed architecture integrates multiple communication channels
that operate in a complementary manner. These include 5G cellular networks, LTE fallback
connectivity, satellite communication links, and localized mesh networking among UAVs and
ground stations. 5G infrastructure plays a primary role in enabling high-throughput data
transmission and low latency communication between UAVs and nearby edge computing nodes.
The ultra-reliable low-latency communication capabilities of modern cellular networks make them
well suited for real-time telemetry exchange, mission updates, and situational awareness services
required during BVLOS operations. Previous studies have demonstrated that UAV-assisted
communication over cellular networks can significantly enhance connectivity reliability and
coverage in aerial systems (Zeng, Zhang, & Lim, 2021).

In situations where 5G coverage is limited or unavailable, LTE networks provide a secondary
communication channel capable of maintaining stable data links for mission-critical information
such as navigation commands and flight status reports. Satellite communication is incorporated as
an additional fallback mechanism to maintain connectivity during long-distance or remote-area
operations where terrestrial networks cannot guarantee coverage. This layered communication
strategy improves operational resilience by preventing single points of network failure.
Furthermore, UAV-to-UAV mesh networking enables localized communication among nearby
drones, allowing cooperative data exchange without continuous reliance on ground infrastructure.
Such mesh communication capabilities are particularly useful for fleet coordination, collaborative
sensing, and decentralized obstacle detection. UAV communication networks have been widely
recognized as an essential component for enabling distributed aerial operations and improving
situational awareness in multi-drone systems (Gupta, Jain, & Vaszkun, 2020).

6.2 Latency Optimization Strategies

Maintaining low communication latency is essential for enabling responsive navigation and safety -
critical decision making in BVLOS delivery missions. Excessive network delays can degrade
obstacle avoidance performance, delay control responses, and compromise operational safety. The
proposed framework therefore incorporates several strategies to reduce communication latency
across the cloud—edge infrastructure. First, task distribution between edge and cloud systems
reduces the volume of data that must traverse wide-area networks. Computationally intensive tasks
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such as large-scale route optimization, model training, and fleet analytics are processed in the
cloud, while latency-sensitive operations such as perception inference, local path adjustments, and
collision avoidance are executed on UAV onboard processors or nearby edge nodes. This
distribution of computational responsibilities ensures that critical control decisions are not delayed
by long-distance network communication.

Second, edge caching and regional data storage are implemented at ground-based edge nodes
deployed near delivery hubs and operational corridors. These nodes store frequently accessed
mission data, terrain maps, and regulatory geofencing information so that UAVs can retrieve
necessary information locally without repeatedly querying centralized cloud services. By
shortening the communication path, edge caching significantly reduces response time for
navigation-related queries. Third, predictive communication scheduling is applied to anticipate
network congestion and adjust data transmission priorities accordingly. Telemetry streams,
navigation updates, and safety alerts are assigned higher transmission priority than non-critical
analytics data. This prioritization mechanism helps maintain stable communication performance
even under high network load conditions. Edge-assisted communication optimization has been
identified as an effective method for improving the efficiency of UAV-enabled computing systems
(Yang et al., 2020).

6.3 Fault Tolerance and Network Resilience

Operational reliability is a critical requirement for BVLOS delivery systems because
communication disruptions can lead to loss of control, navigation errors, or incomplete missions.
The networking framework therefore incorporates several mechanisms designed to maintain
operational continuity when connectivity conditions deteriorate. One important mechanism is the
implementation of autonomous fallback modes within the UAV edge intelligence layer. When
communication with external infrastructure is temporarily lost, the UAV is capable of continuing
flight using locally stored navigation data and onboard perception systems. During this period, the
drone operates under predefined safety protocols that prioritize obstacle avoidance and controlled
return-to-home procedures. Another resilience mechanism involves redundant communication
channels. By maintaining simultaneous connectivity with multiple network technologies, UAV
systems can dynamically switch between communication paths based on signal quality and
availability. For instance, a drone operating in a dense urban environment may primarily rely on
5G connectivity but automatically transition to LTE or satellite links when network conditions
degrade.

In addition, the architecture supports decentralized decision-making capabilities through edge
computing nodes distributed across the operational area. These nodes can temporarily assume
control responsibilities for nearby UAVs if communication with centralized cloud services
becomes unavailable. Such decentralized control mechanisms reduce dependency on centralized
infrastructure and improve system robustness in large-scale drone delivery networks. The
integration of redundant communication pathways, autonomous operational modes, and
decentralized decision support ensures that the proposed networking framework can sustain safe
and efficient operations even in challenging connectivity environments. This combination of
communication technologies and resilience mechanisms forms a foundational component of the
cloud—edge collaborative autonomy architecture and supports the reliable deployment of BVLOS
UAV delivery systems across urban and remote environments.
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7. Experimental Evaluation (Revised)

This section evaluates the effectiveness of the proposed cloud—edge collaborative autonomy
architecture for Beyond Visual Line of Sight (BVLOS) UAYV delivery operations. The goal of the
evaluation is to determine whether distributing computational tasks across onboard UAV
processors, regional edge infrastructure, and centralized cloud services improves system
responsiveness, navigation reliability, and delivery efficiency compared with traditional
architectures. To ensure reproducibility and methodological clarity, the experimental design
explicitly specifies the simulation platform, UAV model parameters, network configuration,
number of experiments, and latency measurement procedure, addressing the methodological
limitations identified by the reviewer.

7.1 Simulation Environment

The evaluation was conducted using a hybrid simulation framework combining Microsoft AirSim
for UAV flight simulation and NS-3 for network simulation. AirSim provides a realistic physics-
based UAV environment capable of modeling sensor inputs, vehicle dynamics, and autonomous
navigation behavior, while NS-3 enables controlled modeling of communication latency,
bandwidth limitations, and network congestion.

The distributed computing architecture was simulated using three computational tiers:

« UAV Edge Layer: onboard embedded processor performing perception and control tasks
 Edge Infrastructure Layer: regional edge servers deployed at delivery hubs
* Cloud Coordination Layer: centralized cloud server performing global optimization

The simulation environment represented a 25 km X 25 km urban delivery region containing
buildings, delivery locations, and restricted airspace zones. Environmental conditions included
dynamically changing obstacles, temporary flight restrictions, and localized weather variations.
Each UAV mission consisted of a delivery route between 5 km and 25 km, consistent with
operational distances reported in drone logistics studies (Goodchild & Toy, 2020; Sorbelli et al.,
2024).

Parameter Value

Maximum payload 3kg

Maximum flight speed 18 m/s

Flight endurance 35 minutes

Battery capacity 450 Wh

Navigation sensors GPS, IMU, RGB camera, LIDAR
Onboard processor NVIDIA Jetson-class edge processor
Onboard Al inference latency 8—12 ms

The UAV’s onboard perception system performs obstacle detection using deep learning inference
models running on the embedded GPU. Flight stabilization and trajectory control are implemented
using a PID-based flight controller integrated with the navigation stack.
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7.3 Network Communication Model

The network environment was modeled using heterogeneous communication technologies
commonly used in UAV networks. The communication infrastructure consisted of the following
channels:

Network Type Bandwidth Latency
5G cellular 100 Mbps 10—15 ms
LTE fallback 50 Mbps 25-40 ms
Satellite link 10 Mbps 120-150 ms
UAYV mesh communication 20 Mbps 15-25 ms

The UAV primarily communicates with nearby edge infrastructure through 5G connectivity, while
LTE and satellite channels provide redundancy in areas where primary coverage is unavailable.
Communication delays were simulated using the NS-3 network simulator, which allows realistic
modeling of packet transmission delay, queueing delay, and network congestion effects (Zeng et
al., 2021; Gupta et al., 2020).

7.4 Experimental Procedure

To ensure statistically meaningful results, the experiment was conducted using multiple
simulation trials.
* Number of UAVs per scenario: 20—100 drones
* Number of delivery missions per experiment: S00 missions
* Number of independent simulation runs: 30 runs per architecture
Three system architectures were evaluated:
1. Cloud-Only Architecture
All decision-making tasks executed in centralized cloud infrastructure.
2. Edge-Only Architecture
Computation performed entirely on UAVs and regional edge nodes.
3. Cloud-Edge Collaborative Architecture (Proposed System)
Tasks distributed across UAV, edge, and cloud layers according to the decision pipeline
defined in Section 5.
Each experiment simulated dynamic operating conditions including temporary communication
disruptions, unexpected obstacles, and localized weather changes.
7.5 Performance Metrics
The evaluation considers four performance metrics relevant to UAV delivery operations.
Decision Latency
Decision latency represents the time required for the system to process sensor data and generate a
navigation response.

Latency was measured as:

Latency = tresponse — tevent
Where

* tepenttepresents the time when a navigation event occurs
* tresponserepresents the time when the UAV executes a corrective action
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This measurement includes communication delay, queueing delay, and processing delay when
tasks are executed on remote systems.
Navigation Accuracy

Navigation accuracy measures how closely the UAV follows its planned route while adapting to
dynamic environmental conditions. Accuracy was calculated as the mean lateral deviation from
the planned trajectory across all missions.

Energy Consumption

Energy consumption represents the amount of battery energy required to complete each delivery
mission. This metric captures both propulsion energy and computational overhead associated with
onboard processing and communication.

Delivery Completion Rate

Delivery completion rate measures the percentage of missions successfully completed within
operational constraints.

A mission was considered unsuccessful if the UAV experienced:

* navigation failure

» communication breakdown exceeding safety limits

* energy depletion before delivery completion.

7.6 Comparative Architecture Evaluation

Table 4: compares the performance of the three architectures under identical operating conditions.

. . .. Energy .
Architecture Decision Navigation Consumption Completion
Latency (ms) Error (m) (Wh) Rate
Cloud-Only 118 ms 3.7m 420 Wh 88%
Edge-Only 62 ms 29m 395 Wh 91%
Cloud-Edge o
Collaborative 34 ms 21 m 360 Wh 96%

The results show that the collaborative architecture significantly outperforms both baseline
approaches. Cloud-only systems suffer from communication delays that increase decision latency
and reduce responsiveness. Edge-only systems reduce latency but lack the global coordination
capabilities necessary for large UAV fleets. The proposed cloud—edge architecture combines the
advantages of both approaches by enabling low-latency local decision making while maintaining
global system optimization.

7.7 Results and Analysis

The experimental results demonstrate that the proposed architecture substantially improves UAV
delivery performance.

Latency Reduction
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Decision latency decreased from 118 ms in the cloud-only system to 34 ms in the collaborative
architecture, representing a 71% reduction. This improvement is primarily due to the relocation of
safety-critical computations to the UAV edge layer, eliminating the need for round-trip cloud
communication.

Improved Navigation Accuracy

The collaborative system achieved the lowest navigation deviation across all experiments. This
improvement results from the combination of real-time onboard sensing and regional situational
awareness provided by edge infrastructure.

Energy Efficiency

The proposed architecture also improved energy efficiency by reducing unnecessary
communication overhead and enabling more efficient route adjustments. The reduction in
communication latency allowed UAVs to avoid extended hovering and unnecessary flight
corrections.

Operational Reliability

The delivery completion rate increased to 96%, demonstrating improved system reliability under
dynamic operating conditions. The architecture’s fault-tolerant design allows UAVs to continue
operating safely even when communication with cloud infrastructure is temporarily interrupted.

7.8 Summary of Findings

Overall, the experimental evaluation demonstrates that the proposed cloud—edge collaborative
architecture significantly improves system performance compared with conventional UAV
computing models. By distributing computational tasks across onboard UAV processors, regional
edge infrastructure, and centralized cloud services, the architecture reduces decision latency,
improves navigation accuracy, enhances energy efficiency, and increases delivery reliability.
These findings provide empirical evidence that distributed cloud—edge autonomy architectures can
support scalable and reliable BVLOS UAV delivery networks.
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