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Abstract

This paper presents a resilient, multi-layer architecture designed to ensure reliable autonomous
operation of single and multiple quadcopters. The architecture leverages the resilient spacecraft
executive to hierarchically organize trajectory-planning and flight-control functions, and integrates
Simplex architectures at each level to provide safety assurance. A compound subsystem expands
robustness by employing multiple candidate algorithms for planning and control, while a supervisory
program adapts Simplex behavior based on system states and environmental conditions to enable
high-level mission management. The architecture is evaluated in simulations involving environmental
uncertainties, including varying wind and obstacles, within a bridge-inspection mission using both
single- and multi-quadcopter configurations. Results show that the system maintains safe and effective
operation across a wide range of conditions, demonstrating scalability for cooperative multi-agent
tasks.

Keywords: quadcopters, Simplex, control, planning, inspection, safety, runtime assurance, resilient
architecture

1. Introduction
Multi-rotor Unmanned Aerial Vehicles (UAVs) have become a cornerstone of modern aerial

robotics owing to their exceptional maneuverability, vertical take-off and landing capabilities, and
reliable hovering performance [1,2]. Recent advancements in onboard sensing and edge computing
have significantly enhanced the autonomy of multi-rotor UAVs, enabling them to perform complex
tasks, such as environmental perception [3], trajectory planning [4], flight control [5], and mission-level
management [6]. These capabilities have extended their applications beyond urban environments
to include domains, such as infrastructure inspection [7,8], precision agriculture [9], and emergency
response [10].

Among these applications, bridge inspection stands out as a representative and challenging task.
Conventional inspection methods are often labor-intensive, time-consuming, and hazardous, typically
requiring lane closures and exposing inspectors to high-risk conditions. Multi-rotor UAV-based
inspection offers clear advantages in terms of safety, efficiency, and accessibility, allowing for high-
resolution, multi-angle data acquisition without disrupting traffic flow [11,12]. However, the bridge
inspection environment presents significant operational challenges, including wind disturbances,
Global Navigation Satellite System (GNSS)-denied conditions, visual occlusion, and sensor degradation.
These uncertainties impose stringent demands on UAV perception, planning, and control systems.
Moreover, during long-duration missions, deviations from initial design assumptions, such as reduced
sensor fidelity, computational overload, or control failures, can result in degraded performance, mission
failure, or even system crashes [13–15]. Therefore, ensuring system-level robustness is critical for the
practical deployment of UAVs in such complex environments.

Existing research has focused on improving the robustness of individual subsystems through
advanced techniques, such as flight controllers [16–29] and trajectory planners [30–33]. While these
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methods provide localized robustness, they are typically designed under static assumptions, such
as continuous sensing, bounded environmental disturbances, and sufficient onboard resources, and
thus lack resilience to real-world uncertainties. Furthermore, most current UAV architectures rely on a
single control pipeline with no provision for redundancy or online recovery, making them vulnerable
to compounded failures.

To improve the reliability of UAVs, various approaches have been developed to enable the system
to tolerate hardware or sensing failures [34]. Studies have been conducted to enable the system to
detect and isolate faults in Inertial Measurement Units (IMUs) or other local sensors on UAVs [35–38],
and systems have been built to adapt to actuator faults [39–42]. Research has also been conducted on
mitigation methods. Poissant et al. [43] developed a ground impact and hazard mitigation method
that analyzes failure modes and selects a reasonable ground impact site based on a pre-known dataset
of the area when a flight fails. However, many traditional fault-tolerant methods primarily target
physical component failures and typically operate reactively, intervening only after an error has been
detected. This differs fundamentally from the goal of this study, which is to proactively guarantee
operational safety for autonomous multi-rotor UAVs by preventing unsafe states before a failure can
occur.

This work proposes a multi-layer resilient architecture for autonomous multi-rotor UAVs, specifi-
cally tailored to complex bridge inspection environments. To realize proactive safety, one leverages the
Simplex architecture to enforce verifiable operational envelopes, allowing the system to preemptively
intervene and avert potential hazards before safety constraints are violated. Crucially, within this
framework, one incorporates a compound High-Assurance (HA) subsystem composed of multiple,
diverse HA algorithm candidates to expand the system’s stable operational envelope. Consequently,
this approach maximizes the utility of existing robust algorithms while enabling the safe deployment
of High-Performance (HP) learning-based algorithms [44,45]. This capability is particularly significant
given the growing potential of learning-based methods in advancing robotic autonomy.

To overcome the limitations of single-layer implementations and effectively handle compound
environmental uncertainties, one integrates the concept of the Resilient Spacecraft Executive (RSE)
[46] into our multi-layer design. This architecture establishes a hierarchical framework that explicitly
coordinates decision-making across planning and control levels. Unlike isolated safety mechanisms, it
ensures global system resilience through three core components: (1) a two-level Simplex subsystem
deployed at both the trajectory planning and flight control layers, which unlike isolated single-layer
settings, permits unified regulation based on mission requirements and system states to optimize
global adaptation; (2) a runtime evaluation mechanism that dynamically selects the most appropriate
HA algorithm based on system states; and (3) a mission-level monitoring module. Serving as the
high-level coordination core, this module orchestrates the underlying Simplex layers to maintain an
adaptive balance between performance and safety throughout the inspection mission.

This work presents a comprehensive extension of our earlier work [47]. While the prior work
introduced the foundational concept of the hierarchical architecture, the present study offers a signifi-
cantly expanded problem formulation, a complete description of the multi-layer decision logic, and a
substantially broader set of experimental validations.

The proposed architecture has been validated in simulation within realistic bridge inspection sce-
narios. Leveraging pre-acquired point cloud data, the system autonomously generates coverage-aware
inspection paths, performs real-time obstacle-aware trajectory planning, and manages mission execu-
tion. Its effectiveness is demonstrated not only in single-agent scenarios under wind disturbances and
unknown obstacles, but also in cooperative multi-UAV missions, where the architecture is instantiated
on each agent to ensure both individual safety and collective efficiency. In addition to scenario-based
evaluations, an extensive Monte Carlo study has been conducted to assess robustness across a wide
range of stochastic environmental uncertainties. Simulation results demonstrate that the system
achieves strong operational robustness and task reliability under diverse uncertainties. Compared
with existing approaches, this work provides a system-level solution that elevates robustness from
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individual algorithmic improvements to holistic mission assurance, verifying the effectiveness of a
“multi-layer Simplex + mission monitoring” strategy for resilient UAV autonomy.

The main technical contributions of this paper are summarized as follows:

• A fault-tolerant mechanism based on a multi-level Simplex architecture, in which independent
Simplex subsystems are deployed at both the trajectory planning and flight control layers, enabling
robust failure detection and safe switching to HA controllers.

• A robustness-boundary extension method based on compound HA subsystems, which integrates
multiple HA algorithms within each Simplex layer and uses a state-driven selection mechanism
to adaptively expand the stability envelope under varying environmental and system conditions.

• A system-level adaptive coordination strategy based on a mission monitoring module, introduced
as a high-level decision core that evaluates system status and environmental factors in real time,
dynamically managing the behavior of the lower-level Simplex components to achieve task-
level performance-safety trade-offs, which demonstrates scalability in decentralized multi-agent
scenarios.

2. Related Work
This section reviews the state-of-the-art research relevant to resilient UAV autonomy. First, it

examines existing approaches for robust flight control and trajectory planning under environmental
uncertainties. Subsequently, it discusses the application of Simplex architectures for runtime safety
assurance and the role of high-level mission coordination strategies. Finally, it identifies the limitations
of current methods in handling compound failures, highlighting the necessity of the integrated multi-
layer architecture proposed in this work.

2.1. Robustness in Flight Control and Trajectory Planning

Bridge inspection missions often expose UAVs to challenging environmental conditions, such as
strong wind gusts, visual occlusion from complex structures, and intermittent GNSS availability. To
address these issues, researchers have devoted significant effort to enhancing the robustness of both
flight control and trajectory planning modules, typically under constrained and localized operating
assumptions [48].

In terms of flight control, various strategies have been employed to improve disturbance rejection
and ensure flight stability. Sliding Mode Control (SMC), for instance, is known for its robustness
in the face of model uncertainties and external disturbances and has been widely used in turbulent
wind conditions [49]. Model Predictive Control (MPC) has gained popularity due to its ability to
incorporate system constraints and optimize control actions in real time [50]. In addition, adaptive
control methods [51] and neural network-based compensation schemes [52] have been explored to
accommodate system variations, such as changing payloads or degradation in actuator performance.
More recently, hybrid approaches that combine traditional control with techniques like Extended
State Observers (ESO) [53] and real-time fault detection [54] have emerged, offering improved fault
tolerance and responsiveness.

On the planning side, efforts have centered around ensuring safe and effective coverage of
complex structures, including arch, truss, and suspension bridges [55,56]. Algorithms capable of
real-time obstacle avoidance and trajectory re-planning have been developed, often leveraging three-
Dimensional (3D) point cloud data to account for structural complexity. Notable planning frameworks,
such as fast-planner [32] and Euclidean signed distance field-free Gradient-based lOcal (EGO) planner
[31], support high-frequency updates and dynamic obstacle avoidance in cluttered spaces, which are
particularly valuable during proximity operations. Meanwhile, exploration-based methods, such as
coverage planners [57,58] have been integrated with onboard perception systems to facilitate adaptive
and efficient inspection path generation.

However, a common limitation among these methods is their reliance on relatively idealized con-
ditions: uninterrupted perception, adequate onboard computing power, and predictable disturbance
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profiles. In actual inspection scenarios, UAVs frequently encounter abrupt occlusions, rapidly changing
airflow, and unreliable positioning signals, especially when flying under decks or between bridge
trusses. Under such conditions, the assumptions underlying many individual control or planning
modules quickly break down. For instance, GNSS-based control loops may fail near large metallic
structures, while vision systems can suffer from motion blur or low texture in over- or under-exposed
areas.

To bridge this gap between algorithmic robustness and real-world reliability, researchers have
begun exploring sensor fusion strategies, integrating data from vision, Light Detection And Ranging
(LiDAR), barometers, and other sources to maintain state estimation even under partial failures [59–62].
Some have also turned to learning-based controllers trained in simulation to provide robust fallback
behaviors in degraded or novel conditions [63]. Despite these promising directions, a key weakness
remains: the lack of coordinated interaction among perception, planning, and control subsystems.
When failures occur at multiple levels or when environmental conditions deteriorate rapidly, localized
robustness is insufficient. The system’s vulnerability is particularly evident in low-altitude, close-
structure operations, where both perception and control margins are narrow.

These observations highlight the need for a more holistic approach, one that not only improves
individual subsystems but also tightly integrates them within a flexible, system-level architecture
capable of dynamically adapting to uncertainty. Only through such an integrated design can UAVs
maintain reliable operation throughout the highly variable conditions encountered in bridge inspection
missions.

2.2. Simplex Architecture and Runtime Safety Assurance

The Simplex architecture [64] has emerged as a promising framework for enhancing safety in
autonomous systems, particularly those operating in uncertain or safety-critical environments. Its
core idea is to safeguard system stability by enabling a fallback from an HP controller to a formally
verified HA controller when abnormal conditions are detected by the decision logic. This architecture
has gained increasing traction in UAV research, where ensuring real-time safety despite unexpected
disturbances is a central concern.

In UAV applications, Simplex has typically been employed at the control level to handle scenarios,
such as actuator degradation [65], environmental disturbances [66], or perception failures [67]. Some
recent implementations go a step further by using predictive simulation, such as look-ahead estimators
or baseline simulators, to anticipate instability and trigger timely controller switching. These systems,
often described as “black-box” Simplex variants, aim to retain the agility of HP controllers while
maintaining the safety envelope enforced by the HA controller, all with minimal computational
overhead [68].

Despite these advancements, most current applications of the Simplex framework remain limited
in scope. In particular, they are often confined to a single functional domain (either flight control or
path planning) and rely on static, pre-defined fallback controllers that lack adaptability [65]. Once
switched, the HA controller typically remains active regardless of changes in the external environment
or mission phase. This rigid design restricts the architecture’s flexibility and, more importantly, its
ability to handle evolving task demands. Furthermore, decision logic is often binary and threshold-
based, leading to either premature switching (wasting performance potential) or delayed response
(risking system instability) [69].

Bridge inspection missions, by their nature, introduce unique operational challenges that stretch
the capabilities of conventional Simplex systems. These missions are long in duration and involve
transitions through drastically different flight conditions. For example, navigating beneath a bridge
may require slow, highly precise movements in GNSS-denied environments, while transitioning be-
tween structural segments, might demand rapid, trajectory-wide re-planning in wind-exposed open
air. Lighting conditions may vary sharply, and sensor reliability can fluctuate due to reflections or
occlusions caused by the infrastructure itself. A Simplex framework that lacks dynamic reconfigura-
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bility or mission awareness will struggle to maintain both continuity and safety across such diverse
operational phases.

In response to these challenges, recent research has proposed extensions to the Simplex paradigm.
One such direction involves the use of compound HA subsystems, which maintain a library of robust
control or planning algorithms [70]. Instead of defaulting to a single conservative fallback, the system
continuously evaluates current performance, environmental conditions, and system health to select the
most suitable algorithm in real time. This dynamic approach significantly expands the usable safety
envelope, allowing the UAV to better balance performance and risk even during abnormal events [71].
Nevertheless, these compound approaches are still in early stages and often remain confined within
individual subsystems. Without higher-level coordination or cross-layer communication, decisions
made at the control level may conflict with those at the planning or mission management level [66,72].
To fully realize the potential of Simplex-based resilience, a more integrated architectural approach
is needed. This approach should treat robustness not as an isolated feature but as a system-wide
capability that spans multiple functional layers.

2.3. Task-Level Regulation and System-Level Coordination

Ensuring reliable and efficient UAV performance in bridge inspection missions requires more than
robust local control and planning; it demands strategic regulation at the system level. This includes the
ability to interpret mission objectives, monitor execution status, manage computational and sensing
resources, and coordinate responses to unforeseen events. As inspection scenarios become increasingly
complex and dynamic, system architectures must evolve to embed this higher level of awareness and
adaptability.

One influential concept in this regard is the RSE, originally developed for autonomous spacecraft
operations. RSE employs a layered control hierarchy, typically comprising deliberative, habitual, and
reflexive layers [46,73]. This structure allows the system to alternate between long-term strategic
planning, rule-based behavior, and rapid reflex actions depending on the urgency and nature of
the situation. By incorporating risk-aware reasoning, the RSE framework enables dynamic task
reconfiguration and graceful degradation in the presence of faults or environmental changes. While
these ideas have shown success in space applications, their adoption in UAV systems, particularly
in the context of bridge inspection, remains limited [74–77]. In such environments, UAVs operate at
low altitude and near complex, often cluttered structures. Here, decision-making must account for
more than just flight dynamics; it must also consider factors, such as structural geometry, inspection
coverage requirements, sensor occlusions, and external disturbances, including wind gusts and lighting
transitions. Relying solely on local controllers or pre-programmed behaviors is insufficient to meet
these demands.

An effective task-level module for bridge inspection should fulfill several key roles. First, it must
interpret the structural context, recognizing whether the UAV is navigating around trusses, piers, or
under arches, and adapt planning and control parameters accordingly [78]. Second, it should track the
progress of inspection tasks in real time, detecting incomplete coverage or deviations from intended
paths. Third, and perhaps most critically, it should monitor the health of subsystems and environmental
factors, using this information to preemptively trigger fallback actions or adjust mission priorities
when needed [79]. To support this, a growing body of work has explored supervisory modules that
oversee subsystem behavior and enforce task-level constraints. Some systems implement centralized
health monitors or arbitration schemes that manage control delegation based on fault indicators, while
others employ mission-state machines that map high-level goals to low-level behaviors. However,
these approaches often lack real-time adaptability or rely on rigid logic that cannot handle compound
or unexpected failure modes.

Although such architectures have demonstrated initial success in space applications, their system-
atic adoption in UAV-based bridge inspection, particularly in ground-level, proximity-rich environ-
ments, remains limited. In complex inspection tasks, the task-level module must be able to: (1) adapt
control and planning strategies based on bridge type (e.g., truss, arch, beam); (2) monitor execution
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states and structural coverage in real time for dynamic task reconfiguration; and (3) respond to sensing
failures, degraded flight control performance, or planning inconsistencies by triggering appropriate
fallback mechanisms [75,80]. Several studies have introduced health monitoring and mission-aware
arbitration modules into UAV architectures, but these are often narrowly scoped or rely on centralized,
non-adaptive logic.

Therefore, it is essential to establish inter-layer communication and strategy synchronization
across the mission, planning, and control layers, enabling real-time performance-safety trade-offs
and adaptive operations at the system level. This coordination is especially critical in environments
where external conditions, such as wind gusts, GNSS blackout zones, or visual occlusion, can change
abruptly and asynchronously with mission phases. Our work addresses this coordination challenge
by proposing a mission-level monitoring module that integrates closely with multi-level Simplex
subsystems, enabling fault-tolerant and resilient UAV autonomy during complex bridge inspection
tasks.

3. Proposed Method
To achieve integrated optimization of stability, task completion rate, and adaptability for multi-

rotor UAVs (herein, quadcopters) operating in dynamic and complex environments, this study pro-
poses a layered autonomous control architecture inspired by the RSE and the Simplex architecture.
Leveraging hierarchical decision-making models from human cognitive systems, the proposed archi-
tecture decomposes the control system into three functional layers, distinguished by their hierarchical
levels of decision-making and control functions: the Deliberative Layer, the Habitual Layer, and the
Reflexive Layer.

3.1. Architectural Overview

As illustrated in Figure 1, one uses the decision and control hierarchy of the RSE, which is the core
module of the original concept. The lower layers focus on dynamic control, while the upper layers
manage trajectory planning and mission-level decision-making. The three layers are interconnected
via standardized information interfaces and bidirectional data flows, forming a closed-loop control
system that enhances modularity, robustness, and fault tolerance in real-time operations. Crucially,
this hierarchical architecture endows individual agents with enhanced autonomy to navigate complex
scenarios, thereby facilitating seamless deployment in decentralized multi-UAV missions.

Figure 1. Overview of the proposed method.
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The Deliberative Layer, the highest-level decision-making unit, incorporates a Mission Monitor
to evaluate task feasibility and guide execution tempo by aggregating system status, energy levels,
and environmental data. It orchestrates decision-making across the lower layers by managing their
configuration to ensure that the selected controller-planner pair is both safe and performance-optimal.

The Habitual Layer, serving as the intermediate planning layer, is responsible for path searching
and trajectory generation. It converts high-level mission sub-goals from the Deliberative Layer into
executable reference trajectories that comply with UAV dynamics and environmental constraints. To
ensure planning safety, this layer integrates a Simplex-based switching mechanism that reverts to a
safety planner for immediate re-planning if the primary planner fails or violates constraints.

The Reflexive Layer, at the bottom of the hierarchy, executes real-time flight control tasks such
as trajectory tracking. Operating at high frequencies, it generates motor-level commands based on
reference trajectories and state estimates. Similar to the layer above, it features an embedded Simplex-
based module to enhance fault resilience, switching to a verified safety controller in the presence of
real-time disturbances.

3.2. System Metrics and Safety Constraints

The evaluation of the proposed architecture is based on two distinct categories of metrics: Mission
Performance and Operational Assurance. Mission Performance metrics, such as image quality and
data completeness, quantify the effectiveness of the mission outcome and are treated as objectives to
be maximized. Conversely, Operational Assurance metrics, such as trajectory tracking accuracy and
trajectory validity, quantify the safety and stability of the system’s operation and are enforced as invio-
lable constraints. The primary objective of the proposed system is to preserve mission performance
while ensuring operational assurance under a wide range of system and environmental conditions.

3.2.1. Mission Performance Metrics

For inspection missions, mission performance is defined in terms of imagery quality and data
completeness. In this work, one considers the UAV’s angular velocity as the dominant factor affecting
imagery quality, since the rate of attitude change in the onboard camera’s Field of View (FoV) directly
impacts the sharpness of the captured images [81]. A rapidly changing FoV, caused by high angular
velocity, may introduce motion blur and degrade image quality [81]. To represent data completeness,
one uses the coverage rate of the pre-acquired point cloud data as the primary metric. Since the
system utilizes this pre-acquired data to generate the coverage plan for the inspection mission, a higher
coverage rate directly indicates that the target structure has been scanned more completely.

Image Quality

It quantifies the quality of visual image data. For vision-based inspection, the severity of motion
blur is linked to the ratio of the scene’s angular change rate to the sensor’s sampling rate [81]. While
directly quantifying blur is complex, angular velocity serves as a high-fidelity proxy. Although
transient rotational peaks can occur, they typically affect only a small fraction of the images captured
during a mission. The overall quality and usability of the collected visual dataset are strongly correlated
with the general stability of the flight. Therefore, one uses the mission-averaged angular velocity
(ωavg) as the underlying metric to reflect the general image quality. However, average deviation may
mask transient large errors. To assess the worst-case performance excluding extreme outliers, one
additionally employs the 95th percentile angular velocity, denoted as ω95. This metric captures the
upper bound of nominal behavior, consistent with safety assessment standards [82]. In this work, one
assumes that a flight control policy with lower ωavg and ω95 would result in higher image quality.

The instantaneous angular-velocity magnitude is computed from the body-frame angular-rate
components, roll rate (p), pitch rate (q), and yaw rate (r), as

ωmag(t) =
√

p(t)2 + q(t)2 + r(t)2 (1)
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The mission-averaged angular velocity over the observation period is then given by

ωavg =
1
N

N

∑
k=1

ωmag(tk) (2)

where N denotes the total number of discrete samples collected during the mission.
Let ωsorted be the instantaneous angular velocity magnitudes sorted in ascending order. The 95th

percentile metric is defined as
ω95 = ωsorted(⌈0.95N⌉) (3)

where ⌈·⌉ denotes the ceiling function.

Data Completeness

This metric evaluates mission success based on task completion and is quantified by the point
cloud coverage rate (Rcoverage). It is defined as the ratio of the number of unique points in the scanned
point cloud (Nscanned) to the number of points in the pre-acquired point cloud (Npre-acquired) after the
inspection is completed. A trajectory planning policy with a higher Rcoverage indicates better data
completeness. Formally,

Rcoverage =
Nscanned

Npre-acquired
(4)

3.2.2. Operational Assurance Metrics

Operational assurance is assessed through two primary metrics: trajectory tracking fidelity and
trajectory validity. Trajectory tracking fidelity is quantified by the trajectory deviation. A higher
trajectory tracking fidelity or a lower trajectory deviation directly indicates a higher degree of safety, as
it confirms that the UAV is closely adhering to its safe corridor when tracking a collision-free reference
trajectory through obstacles. In this work, wind is considered the main source of trajectory deviation;
therefore, this metric primarily reflects the flight controller’s wind disturbance rejection capability.
Trajectory validity, on the other hand, ensures that the reference trajectory itself remains safe over time.
It depends on the trajectory planner’s ability to perform timely updates in response to newly detected
obstacles. A failure to re-plan in a dynamic environment can render a previously valid trajectory
unsafe, creating a significant mission risk even with perfect trajectory tracking fidelity.

Trajectory Tracking Fidelity

It ensures each quadcopter accurately follows the planned trajectory, which is critical for opera-
tional safety. This fidelity is quantified by the trajectory deviation, reflecting the system’s capability to
reject external disturbances such as wind. The average trajectory deviation (Davg) serves as a holistic
metric to evaluate the system’s performance throughout the mission. Additionally, to assess the upper
bound of tracking error while mitigating the stochastic contingency of absolute peaks, one reports the
95th percentile deviation (D95). In this work, one assumes that a flight control policy with lower Davg

and D95 implies higher tracking fidelity.
The instantaneous deviation is calculated as the Euclidean distance between the UAV’s actual

position (xact) and the reference position (xref):

D(t) = ∥xact(t)− xref(t)∥ (5)

The mission-averaged deviation over the duration is

Davg =
1
N

N

∑
k=1

D(tk) (6)

and the 95th percentile metric is
D95 = Dsorted(⌈0.95N⌉) (7)
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Trajectory Validity

Unlike static environments, where a fixed safety margin suffices, our system operates in unknown
environments in which the occupancy grid map (Mt) is incrementally updated via onboard sensors.
Consequently, a previously safe trajectory may become invalid if a newly detected obstacle occludes
the planned path.

To evaluate the planner’s capability to react to these environmental changes (i.e., timely re-
planning), one assesses the instantaneous validity of the reference trajectory being tracked. Specifically,
one checks whether the reference setpoint (rt) at the current time step (t) overlaps with any occupied
voxels in the updated map (Mt). A valid planning policy must ensure that the reference setpoint
remains in the free space (Sfree) at all times. This instantaneous validity constraint is formulated as the
setpoint indicator:

Vsetpoint(t) =

1, if Mt(rt) ∈ Sfree

0, otherwise
(8)

where Mt(rt) denotes the occupancy status of the grid cell corresponding to the reference position rt.
To quantify the robustness of the flight mission, one assesses the trajectory validity rate, defined

as the proportion of time steps where the reference setpoint remains in free space relative to the total
number of sampling instances (N). The global validity metric is formulated as

Vtraj =
1
N

N

∑
k=1

Vsetpoint(tk) (9)

This formulation yields a continuous score Vtraj ∈ [0, 1], where a value of 1 indicates a completely
collision-free trajectory, while lower values quantify the extent of validity degradation due to environ-
mental obstacles.

3.3. Deliberative Layer: Mission Orchestration

The Deliberative Layer functions as the “cognitive core” of the RSE architecture, enabling real-time
mission adaptation, failure anticipation, and coordinated control reconfiguration. Its primary objectives
are to maximize mission success rates and ensure system safety by managing inter-layer cooperation
and assigning mission sub-goals according to a pre-defined mediation policy. By integrating multi-
source information and modeling safety envelopes, it ensures that the UAV system maintains autonomy
and resilience in uncertain, dynamic environments.

It also acts as the decision core by continuously assessing high-level system and environmental
states, as depicted in Figure 2. This process involves evaluating two primary inputs: external environ-
mental factors (e.g., deteriorating weather conditions) and internal system health (e.g., stable system
usage). Based on these inputs, the monitor orchestrates the system’s overall strategy by selecting one
of several operational modes for the lower layers.

This state-driven approach serves as a high-level fault-avoidance mechanism. By proactively
identifying conditions that could lead to degraded performance (like resource contention indicated
by unstable usage) or mission failure (like adverse weather), the Deliberative Layer preemptively
adjusts the system’s behavior by assigning different mediation modes to the lower layers. For in-
stance, the prediction of deteriorating weather triggers a re-evaluation of the mission’s urgency. If
a critical time constraint has not been reached, but the mission cannot be finished at the original
pace, designed to achieve reasonable data quality, the system switches to fast pace mode to accelerate
task completion. Conversely, if the weather is clear but the system resource usage becomes unstable
due to the computational complexity of other on-board processes, such as LiDAR-inertial odometry
[83], it transitions to minimum usage mode to conserve computational resources and maintain the
update rate for flight controllers and trajectory planners. Compared with reactive approaches that
trigger switching only when local real-time Central Processing Unit (CPU) usage breaches a threshold,
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this system-level regulation enables the flight control and trajectory planning layers to preemptively
prepare for resource instability, ensuring more robust and timely adaptation to adverse conditions.

While the proposed architecture incorporates a Mission Monitor Module within the deliberative
layer for high-level decision-making, the primary focus of this study is to evaluate the performance and
safety of implementing the Simplex architecture with the compound HA subsystem at the flight control
and trajectory planning levels. Consequently, the high-level Mission Monitor is configured to assign
only the nominal mediation mode and pass the coverage tour plan to the lower level. This coverage
tour plan is generated using the coverage planner from [84] based on pre-acquired point-cloud data.
The validation of high-level mission monitoring strategies falls outside the scope of this paper and is
reserved for future work.

Figure 2. Mission monitor at the Deliberative Layer.

3.4. Habitual Layer: Trajectory Planning

Situated between high-level task scheduling and low-level flight control, the Habitual Layer
serves as a critical bridge. Its primary function is to generate dynamically feasible, obstacle-aware, and
mission-efficient trajectories based on known maps and task goals. The quality of these trajectories
directly influences mission success rates, flight safety, and path-tracking performance.

To enhance resilience, one integrates a Simplex architecture with a compound HA subsystem
into this layer. The EXplore PLanner (EXPL) [84] is used as the HP planner due to its ability to fulfill
assigned sub-goals. The compound HA subsystem is complemented by several HA planners selected
for structural diversity and functional complementarity:

1. EGO [31]: strong obstacle avoidance and deconflicting ability for multi-UAV trajectory.
2. KINOdynamics (KINO) [32]: lightweight algorithm for dynamically feasible trajectories.
3. FAst Likelihood-based COllision avoidance (FALCO) [33]: no grid map needed.

Each planner exhibits distinct strengths in path smoothness, robustness, or computational ef-
ficiency. Their stable operational envelopes form partially overlapping bounded regions, enabling
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redundant coverage and robust planner switching. This forms the trajectory-planner candidate pool
of HA trajectory planning algorithms. Therefore, the Simplex architecture with a compound HA
subsystem is designed as in Figure 3, where the fallback subsystem at this level is a trajectory that
forces the quadrotor to perform an emergency hover.

Figure 3. Simplex at the Reflexive Layer.

Table 1 presents a comparison of the trajectory-planner candidates’ key features, such as obstacle-
avoidance capability and CPU usage level. Subsequently, it outlines the availability of each planner
within our defined mediation modes (nominal, fast pace, and minimum usage), which is determined
by matching these features against the requirements of each mode.

Table 1. Available trajectory planners in each mediation mode.

Algorithm Type Coverage
Rate

Obstacle
Avoidance Need Map CPU Usage Nominal

Mode
Fast Pace

Mode
Min. usage

Mode

EXPL HP High Low Yes Low Yes No No
EGO HA Mid Very high Yes Mid Yes Yes No
KINO HA Mid High Yes Low Yes Yes Yes
FALCO HA Low High No Low Yes Yes Yes

The availability of planners, as summarized in Table 1, is adapted for the fast pace and minimum
usage modes. Specifically, in fast pace mode, EXPL is deactivated due to its lower re-plan frequency,
which is less suitable for real-time obstacle avoidance at high speeds. In minimum usage mode, both
EXPL and EGO are disabled. The exclusion of EGO is a strategic choice, as its reliance on an iterative
optimization solver is theoretically more sensitive to system-wide CPU contention, posing a risk
of unpredictable performance when resources are scarce. This selective enabling of planners forms
different shapes for the Simplex architecture’s decision logic at this level.

Once the set of active planners is determined, the Simplex architecture performs real-time safety
monitoring to trigger a switch to the verified safety controller. The key indicators governing this
switch are the planned trajectory’s clearance from obstacles and the map-update latency. To ensure
that planning is based on up-to-date information, one enforces a latency threshold of 100 ms, which
maintains a 10 Hz update rate for collision detection. The complete decision logic for each mode is
visualized in Figure 4. For the determination of other key thresholds, please refer to the Appendix.
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(a) Nominal mode

(b) Fast pace mode

(c) Minimum usage mode

Figure 4. Simplex in different mediation modes (Habitual Layer).

As shown in Figure 4, the decision trees for all modes share a similar format for safety checks.
However, the planner-selection branches differ significantly. For instance, in nominal mode, the logic
must choose among all four planners, whereas in minimum usage mode, the choice is simplified to
only KINO or FALCO. This illustrates how the Simplex architecture achieves system-level adaptivity
without altering its core safety principles. In terms of mission performance, the planners are prioritized
in the order of EXPL > EGO > KINO > FALCO. Under this framework, the system prioritizes the most
efficient planner available that remains within the safety envelope, given the prevailing system status
and environmental factors.

From an implementation perspective, all planners are instantiated during system initialization
but remain in a standby state when not active. Re-planning is triggered exclusively when a specific
planner is selected. Since trajectory planning operates at a lower frequency compared to flight-control
loops but demands higher computational resources, this on-demand activation strategy is adopted to
optimize computational efficiency.

3.5. Reflexive Layer: Real-Time Control

As the lowest and most time-sensitive tier, the Reflexive Layer is responsible for real-time attitude
regulation and trajectory tracking in disturbance-prone environments. It also integrates a Simplex
architecture with a compound HA control subsystem, enabling online multi-controller execution and
state-triggered dynamic switching to enhance system robustness and adaptability.

Based on a comparative analysis of wind-rejection control algorithms [16,18–29,85], Perception-
Aware MPC (PAMPC) [16] was selected as the HP controller due to its smooth and robust tracking
performance. The following three controllers were chosen as HA candidates based on their operational
flight envelopes and compatibility with the overall system architecture:

1. Linearized MPC (L-MPC) [26]: lightweight and a suitable for low-disturbance scenarios.
2. SMC [27]: strongly robust and well-suited to wind disturbances.
3. Geometric Adaptive Control (GAC) [28]: adaptive performance and smooth compensation under

sustained wind.

These controllers form a candidate pool for the compound HA subsystem. The Simplex architec-
ture at this layer is shown in Figure 5, where the fallback maneuver is an in-situ hover.
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Figure 5. Simplex at Reflexive Layer.

Controller selection within the Reflexive Layer is not static; it is dynamically constrained by the
mediation mode set by the Deliberative Layer. This mechanism allows the UAV to adjust its behavior
according to mission demands, such as prioritizing performance, safety, or computational efficiency.
The availability of each controller across these modes is summarized in Table 2.

Table 2. Available flight controllers in each mediation mode.

Algorithm Type Smoothness Wind
Rejection

CPU
Usage

Nominal
Mode

Fast Pace
Mode

Min.
Usage
Mode

PAMPC HP Very high No High Yes No No
L-MPC HA High No Low Yes No Yes
GAC HA Mid Slow Low Yes Yes Yes
SMC HA Low Fast Low Yes Yes Yes

These constraints stem from safety and resource-management considerations. For example, in
fast pace mode, both PAMPC and L-MPC are disabled due to their limited wind-rejection capabilities,
which poses a significant risk at higher flight speeds. In minimum usage mode, the computationally
intensive PAMPC is deactivated to conserve resources, ensuring the responsiveness of the core control
loop and freeing CPU capacity for other critical processes.

Mode-based controller pruning is implemented through the decision logic shown in Figure 6. As
illustrated in Figure 6, although the overarching decision structure is consistent across all modes, the
set of available controllers changes dynamically. All modes share two core evaluations: wind speed
and wind type. Wind speed is estimated using an ESO [26], while wind type is inferred from the
variance of the speed estimate within a sliding window. Details on how the corresponding thresholds
are selected are provided in the Appendix. The final controller selection is then pruned according to
the active mode. This visualization highlights how the Reflexive Layer adapts its strategy to mission
context, enforcing constraints defined by the Deliberative Layer while maintaining a consistent and
verifiable decision process.
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(a) Nominal mode

(b) Fast pace mode

(c) Minimum usage mode

Figure 6. Simplex in different mediation modes (Reflexive Layer).

A performance hierarchy is defined as PAMPC > L-MPC > GAC > SMC. Accordingly, the system
activates the highest-priority controller that satisfies stability and safety constraints given current state
estimates and environmental disturbances.

At runtime, all controllers are computed at every control iteration. Because HA controllers impose
a negligible computational burden and the control frequency is high, parallel execution is essential.
Waiting for an HP controller to time out before executing HA controllers would introduce unsafe
latency. The only exception is GAC: its adaptive network is updated only when the controller is
actively engaged.

4. Experiments
A series of systematic experiments was conducted in a high-fidelity simulation environment to

evaluate the proposed multi-layer resilient control architecture in complex bridge inspection tasks.
Four representative scenarios were designed: (1) nominal disturbances, (2) mid-level environmental
challenges, (3) high-level environmental challenges, and (4) a structural mismatch leading to mission
failure. These scenarios assess the system’s robustness and evaluate key metrics for both single-UAV
and multi-UAV inspection missions. Results indicate that the architecture supports reliable and
resilient UAV operations under diverse uncertainties, effectively balancing performance and safety
during real-time missions.

4.1. Experiment Set-Up

The mission type selected for this work is an infrastructure inspection scenario using a multi-rotor
UAV. In this mission, a quadcopter equipped with an onboard RGB-D camera autonomously scans the
surface of a bridge. The RGB images are used to monitor structural health, while the depth images
serve both for 3D bridge model reconstruction and for collision avoidance. Because the quadcopter
must fly close to the bridge to capture detailed RGB and depth data, the mission imposes strict
requirements on flight performance, particularly regarding safety and data quality.

For infrastructure maintenance, such inspections are typically conducted periodically, allowing
comparisons between datasets from different inspections to track structural changes over time. Ac-
cordingly, one assumes that point cloud data from previous inspections is available for coverage path
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planning. In our mission, this pre-existing point cloud is used as input to generate a coverage tour plan
for the target bridge structure. This plan is executed through trajectory planning and the flight control
level, while being dynamically updated using real-time environmental sensing data. Battery life is not
considered, as most simulated inspections last under 10 minutes, well within the flight capabilities of
modern UAVs.

The complete system is implemented in C++ using the Robot Operating System (ROS) framework
[86], integrated with open-source simulation tools. Several open-source algorithm repositories were
incorporated to accelerate development, leveraging ROS’s widespread adoption in quadrotor control
and planning for computational efficiency. GAZEBO [87] is used for dynamic simulation due to its
native ROS compatibility, enabling seamless publication of simulation data, such as odometry and IMU
readings, as ROS topics, with dynamic model modifications supported via plugins. AirSim [88] is used
for rendering onboard imagery. AirSim, an open-source simulator for UAVs and cars, is developed as
a plugin for Unreal Engine 4 (UE4), providing high-fidelity visual and depth sensor feedback. UE4
also offers readily available real-world object models, making it easy to extend the simulation to
additional scenarios. AirSim application programming interface allows direct programmatic access
to the quadrotor’s state and onboard sensor data, which are then passed to ROS topics for further
processing.

Since bridge inspection tasks are typically executed periodically to track long-term structural
changes, we assume the availability of point cloud data from a previous scan, as shown in Figure 7.

Figure 7. Pre-acquired point cloud of a bridge.

4.2. Environmental Conditions

Our system uses an ESO to estimate the wind speed, and a sliding window stores the wind speed
data from the last three seconds to calculate the wind variance. A wind with a variance higher than the
designed threshold of 3 m/s is considered a gust; if the variance is lower than the threshold, the wind is
considered sustained. The 3 m/s threshold is chosen based on closed-loop simulation evidence: GAC
tracks well under sustained or low-variance wind but exhibits pronounced phase lag and weakened
compensation once the 3 s variance exceeds 3 m/s; in contrast, SMC preserves bounded deviations in
this regime. Hence, one uses a 3 m/s threshold as the switching boundary between GAC and SMC.

To systematically evaluate the performance and adaptability of the proposed architecture in
dynamic environments, it designs a cyclical wind profile, as illustrated in Figure 8. This model is
intended to simulate the complex and fluctuating wind conditions an UAV might encounter during a
mission, thereby rigorously testing the system’s response mechanisms.
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Figure 8. Rotating stages of the cyclical wind condition.

The wind profile consists of three repeating phases: no wind, sustained wind, and wind gust.
To enhance stochasticity, the order of the sustained wind and wind gust phases differs across cycles.
Scenario-specific wind-speed ranges used in our simulations are selected with reference to an industry
guideline on small-UAV wind limits [89]. Furthermore, the duration of each phase is randomly selected
from a uniform distribution between 30 and 90 seconds at the start of the mission.

The generation mechanism for the wind is defined as follows:

1. Global Parameter Initialization: At the commencement of each simulation mission, a single
random 3D unit vector is generated to define a consistent global wind direction for the entire
flight. This direction remains constant for both sustained and gust phases throughout the mission.

2. Sustained Wind Phase: This phase models a steady wind with minor turbulence. A base wind
speed is randomly sampled between the minimum and maximum speeds for the selected speed
level at the start of the mission as part of the Monte Carlo setup (detailed in Table 3). During the
sustained wind phase, the actual wind speed is modeled as this base speed with a small random
perturbation of ±0.5 m/s (a total range of 1 m/s) applied every 3 seconds. This creates a noisy
but relatively stable wind condition.

3. Wind Gust Phase: This phase simulates highly variable and unpredictable wind conditions. While
the wind direction adheres to the globally defined vector, the wind speed is resampled every 3
seconds. The sampling is performed according to the mean and distribution scale parameters
specified for the wind gust category in Table 3. This results in a significantly more volatile wind
profile compared to the sustained wind phase.

Table 3. Wind condition summary.

Type Condition Minimum (m/s) Maximum (m/s)

Sustained Wind

Low-speed 0 4
Mid speed 4 8
High speed 8 11
Very high speed 11 15

Type Condition Mean (m/s) Distribution scale

Wind Gust

Low-Variance 4 1
Mid variance 5 4
High variance 5 7
Very high variance 5 11

To trigger the Simplex architecture at the trajectory planning level, one places a set of construction
vehicle models around the bridge model, which act as obstacles that are unknown to the system before
flight. Table 4 and Figure 4 show the different levels of obstacle layout for the tests.
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Table 4. Vehicle obstacle list.

Condition Obstacle on top Obstacle on side

Sparse layout Extended Forklift (1), Mobile Con-
crete Pump (1) None

Mid layout Extended Forklift (1), Mobile Con-
crete Pump (1)

Mobile Drill (1), Extended Mobile
Crane (1)

Dense layout Mobile Concrete Pump (1), Mobile
Drill (1)

Extended Mobile Crane (1), Crawler
Crane (1), Tower Crane (1), Luffing
Crane (1)

Highly dense layout Mobile Concrete Pump (1), Mobile
Drill (2)

Extended Mobile Crane (2), Crawler
Crane (1), Tower Crane (4), Luffing
Crane (2)

Note: The number in parentheses (#) indicates the quantity of each obstacle instance included in the simulation environment.

The sparse layout contains only two small vehicles on top of the bridge, which have a low
chance of being in the way of the quadcopter during the mission. The mid layout begins to include
larger vehicles on the side of the bridge, where the quadcopter often flies due to the shape of the
bridge, resulting in a higher chance of having overlaps with a planned trajectory. The dense layout
includes more and larger vehicles, making the environment more complex and more difficult for the
HP trajectory planner. In the highly dense layout, in addition to a high concentration of construction
machinery that poses a significant challenge even for the HA trajectory planners, a large portion of the
bridge structure is also covered with concrete blocks. This specific obstruction is designed to cause the
inspection mission to eventually stall during the flight.

(a) Sparse layout (b) Mid layout

(c) Dense layout (d) Highly dense layout
Figure 9. Simulated scene with different obstacle layouts.

To comprehensively evaluate the robustness and adaptability of the proposed multi-layer resilient
architecture, a series of simulation experiments was conducted under four progressively challenging
operational environments: nominal, off-nominal, edge, and malformed. These scenarios represent
increasing levels of environmental disturbance and structural uncertainty, ranging from mild environ-
mental conditions to severely compromised layouts that impede mission completion. All test cases
were initialized with identical mission goals, which are to inspect the surface of the target bridge using
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pre-acquired point cloud data, allowing for direct and controlled comparisons of system performance
and adaptive behavior:

1. Nominal Case: Introduces low-speed sustained wind, low-variance wind gusts, and a sparse
obstacle layout. The objective is to assess the system’s capacity to tolerate mild disturbances,
where the system is expected to implement the HP algorithms most of the time while minimizing
performance degradation.

2. Off-nominal Case: Simulates mid-level sustained wind, low-variance wind gusts, and a mid
layout. This environment is designed to trigger adaptive switching from HP to HA modules (e.g.,
GAC, SMC, EGO), demonstrating the trade-off between performance and safety when necessary.

3. Edge Case: Emulates high-speed sustained wind, high-variance wind gusts, and a dense layout.
It is intended to test the full operational boundaries of the system and its ability to maintain
safety.

4. Malformed Case: Imposes very high-speed sustained wind, very high-variance wind gusts, and
a highly dense layout, resulting in partial mission infeasibility due to unreachable portions of the
structure. The goal is to evaluate how the system handles mission failure, specifically whether it
can degrade gracefully without violating safety constraints. In the current implementation, the
system persists in its scanning attempts but is configured to terminate the mission if the inspection
coverage fails to increase over a two-minute window. Note that in practical deployment, this
behavior could be adapted to execute alternative strategies, such as exploring the surrounding
space or loitering to await human intervention.

To isolate the performance of the safety switching logic, the system is assumed to operate under
nominal environmental and system conditions throughout the simulations, and the mission monitor
module at the Deliberative Layer outputs only the nominal mediation mode.

4.3. Testing Results

It evaluates three testable claims that characterize how the proposed system compares to the
baseline across the aforementioned four environments:

1. Performance fidelity - to verify that, under feasible conditions, the proposed approach preserves
mission effectiveness at the level of the baseline, as reflected in comparable coverage, ωavg, and
ω95 within the baseline’s error bounds.

2. Safety gains - to assess whether, under adverse conditions, the proposed approach provides
stronger operational assurance than the baseline, maintaining Vtraj ≈ 100% while reducing Davg

and D95.
3. Controlled degradation - to confirm that, when HA switching is triggered, the proposed approach

exhibits deliberate, safety-preserving degradation: ωavg and ω95 may rise modestly but remain
reasonable, and coverage is essentially preserved.

Here, the baseline denotes the highest-performance single-stack without the Simplex safety
architecture: HP planner (EXPL) and controller (PAMPC) only, with no runtime switching to HA
subsystems.

To assess performance and robustness, 100 Monte Carlo simulations were conducted per scenario.
The statistical results for mission performance and operational assurance are summarized in Tables 5
and 6. Bar-plot comparisons of baseline versus proposed across all scenarios are shown in Figures 10
(mission performance) and 11 (operational assurance). In both figures, horizontal dashed lines denote
the image-blur threshold ωcrit = 88 deg/s and the deviation envelope τdevi = 0.2 m (see Appendix ).
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Table 5. Mission performance summary.

Scenarios Data Coverage Rate
(%)

Average Angular
Velocity (deg/s)

95th Percentile
Angular Velocity

(deg/s)
Total Time (s)

Nominal Proposed 96.25 ± 2.09 26.66 ± 1.98 81.50 ± 4.81 526.58 ± 58.85
Baseline 95.82 ± 2.17 26.53 ± 1.93 75.76 ± 5.21 480.62 ± 55.72

Off-nominal Proposed 95.64± 2.38 28.89± 2.40 89.38± 6.30 530.16± 54.74
Baseline 95.53± 2.51 26.03± 2.28 82.06± 6.83 526.56± 61.49

Edge Proposed 95.12± 2.31 31.98± 2.76 92.24± 5.73 544.78± 64.04
Baseline 95.80± 2.68 30.90± 3.17 91.51± 6.11 526.28± 67.92

Malformed Proposed 63.53± 14.59 36.84± 8.92 106.10± 18.88 471.43± 107.06
Baseline 67.26± 16.38 36.01± 8.74 92.17± 19.63 461.07± 114.22

Table 6. Operational assurance summary.

Scenarios Data Trajectory
Validity (%)

Average
Trajectory

Deviation (m)

95th Percentile
Trajectory

Deviation (m)
Total Time (s)

Nominal Proposed 100.00± 0.03 0.049± 0.014 0.115± 0.028 526.58± 58.85
Baseline 99.80± 0.08 0.046± 0.013 0.148± 0.031 480.62± 52.31

Off-nominal Proposed 100.00± 0.03 0.043± 0.004 0.115± 0.021 530.16± 54.74
Baseline 99.80± 0.19 0.099± 0.021 0.226± 0.037 526.56± 61.49

Edge Proposed 99.97± 0.09 0.044± 0.005 0.123± 0.030 544.78± 64.04
Baseline 98.70± 0.66 0.130± 0.033 0.236± 0.041 526.28± 67.92

Malformed Proposed 99.84± 0.26 0.0515± 0.007 0.143± 0.035 471.43± 107.06
Baseline 95.30± 1.34 0.236± 0.054 0.472± 0.087 461.07± 114.22

(a) Coverage rate (b) Average angular velocity

(c) 95th percentile angular velocity

Figure 10. Comparison of mission performance metrics.
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(a) Trajectory validity (b) Average trajectory deviation

(c) 95th percentile trajectory deviation
Figure 11. Comparison of operational assurance metrics.

In the nominal scenario, the proposed system’s performance is comparable to that of the baseline:
coverage (96.25% vs. 95.82%) and average angular velocity (26.66 vs. 26.53 deg/s) fall within a similar
statistical range under nominal wind conditions and sparse obstacles. Safety remains unaffected:
Vtraj ≈ 100%, and Davg and D95 are comparable. Mechanism: the Reflexive Layer operates on the HP
controller, and the Habitual Layer uses the HP planner by default; HA is only occasionally triggered,
resulting in no noticeable performance penalty.

In the off-nominal scenario, performance remains comparable to the baseline (coverage: 95.64%
vs. 95.53%; ωavg: 28.89 vs. 26.03 deg/s) under mid-level wind and mid layout. Critically, safety
improves substantially: Davg decreases from 0.099 m to 0.043 m (↓ 56.6%) and D95 from 0.226 m to
0.115 m (↓ 49.1%), while Vtraj ≈ 100%. Mechanism: wind-speed/type checks trigger HA controllers
(GAC/SMC) when needed.

In the edge scenario, coverage remains 95.12% with a small increase in ωavg to 31.98 deg/s
under high wind and dense obstacles. Safety gains are pronounced versus baseline: Vtraj rises from
98.70% to 99.97% (≈43× fewer violations), Davg drops from 0.130 m to 0.044 m (↓ 66.2%), and D95

from 0.236 m to 0.123 m (↓ 47.9%). The flight data comparison for the edge scenario is presented
as a representative case study, as the frequent activation and switching of the HA controllers in
this environment best illustrate the dynamic behavior of the Simplex architecture during mission
execution. In Figure 12(a), under wind disturbances baseline frequently exceeds the deviation safety
threshold, exhibiting sustained oscillations and repeated crossings due to the HP controller’s limited
wind-rejection capability. In contrast, the proposed system shows only short spikes that quickly damp
out and then remain within τdevi. In Figure 12(b), the proposed system exhibits slightly higher angular
velocity than the baseline under wind. This is expected: when SMC is engaged, the controller executes
more aggressive maneuvers to eliminate the trajectory deviation, leading to a modest increase in ω

while preserving safety. Together, they directly substantiate the cross-scenario trends: safety metrics
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improve markedly with the proposed system, and the slight increase in ωavg/ω95 is an intentional
trade-off for robust envelope protection.

(a) Trajectory deviation (b) Angular velocity magnitude
Figure 12. Comparison with baseline system (edge scenarios).

In the malformed scenario, the environment contains extensive occlusions and structurally un-
reachable regions; therefore, full coverage is physically unattainable regardless of control performance.
Under the same high-wind and high-density obstacle conditions, the proposed system achieves
63.53% coverage over the reachable portion while preserving safety: Vtraj = 99.84%, D95 = 0.143 m).
Compared with the baseline, Davg and D95 are reduced by ∼78.2% (0.236→0.0515 m) and ∼69.7%
(0.472→0.143 m), respectively, preventing divergence beyond τdevi. Mechanism: when HP pipelines
face persistent constraint violations, both layers revert to HA, and the mission terminates if coverage
plateaus for two minutes, prioritizing safety over completeness.

To complement Tables 5 and 6, Figure 13 visualizes the detailed data distribution across 100
experimental runs. While most data points cluster tightly around the mean, the box plots reveal a
small number of outliers that exceed the safety threshold. Additionally, Figure 14 illustrates the UAV’s
execution trajectories, showing that it consistently maintains the required stand-off distance from the
bridge structure across all scenarios. This spatial consistency demonstrates that the proposed system
can reliably accomplish the mission tasks under diverse environmental conditions.

Overall, the proposed architecture (i) preserves performance where feasible, (ii) delivers sub-
stantial safety gains in adverse conditions, and (iii) trades a small increase in ωavg/ω95 for envelope
protection and near-100% trajectory validity. The bar plots in Figures 10–11 make these trends explicit;
dashed lines indicate the thresholds derived in the Appendix.
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(a) Mission performance metrics (b) Operational assurance metrics

(c) Wind Speeds
Figure 13. Data distributions.

(a) 3D view (b) Top view
Figure 14. Executed trajectories.

4.4. Multi-UAV Operating Case

To demonstrate the scalability and collaborative efficiency of the proposed resilient architecture,
the bridge inspection mission was executed using a decentralized fleet of three quadcopters. In this
setup, the global inspection task was partitioned into sub-regions, and each agent independently
ran the full stack of the proposed multi-layer architecture. This ensures that safety guarantees are
enforced locally on each agent, regardless of the behavior of the others. A direct comparison with
the baseline system is omitted in this multi-UAV scenario because the baseline HP planner lacks
intrinsic deconfliction capabilities, making it unable to perform the necessary trajectory re-planning
and avoidance with respect to other UAVs’ reference trajectories during simultaneous flight.

The results are presented in Tables 7 and 8. A comparison with single-agent results reveals
a dramatic improvement in mission efficiency. The total mission time in the nominal scenario is
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reduced to 95.81 seconds, representing a substantial efficiency gain compared to the single-agent
execution. This improvement is primarily due to the spatial decomposition of the mission: each UAV is
assigned a localized sector, eliminating the extensive transit times and circuitous flight paths inherent
to single-agent operations.

Table 7. Mission performance summary (multi-UAV).

Scenarios Data Coverage Rate
(%)

Average
Angular
Velocity
(deg/s)

95th Percentile
Angular
Velocity
(deg/s)

Total Time (s)

Nominal Proposed 95.53± 1.30 26.80± 1.92 85.39± 1.24 95.81± 12.63
Off-nominal Proposed 95.86± 1.31 29.72± 2.80 90.37± 2.59 98.03± 12.72
Edge Proposed 96.48± 2.32 33.94± 2.34 97.95± 2.70 96.61± 12.43
Malformed Proposed 76.49± 4.69 36.97± 7.33 106.79± 16.99 191.44± 46.43

Table 8. Operational assurance summary (multi-UAV).

Scenarios Data Trajectory
Validity (%)

Average
Trajectory

Deviation (m)

95th Percentile
Trajectory

Deviation (m)
Total Time (s)

Nominal Proposed 100.00± 0.03 0.047± 0.009 0.120± 0.023 95.81± 12.63
Off-nominal Proposed 99.96± 0.16 0.053± 0.011 0.130± 0.025 98.03± 12.72
Edge Proposed 99.93± 0.21 0.055± 0.010 0.138± 0.026 96.61± 12.43
Malformed Proposed 99.41± 0.63 0.066± 0.009 0.156± 0.069 191.44± 46.43

Despite the increased density of aerial traffic, the safety metrics remain consistent with the
single-agent baseline. As detailed in Table 8, trajectory validity remains above 99.9% across the
nominal, off-nominal, and edge scenarios, and the average trajectory deviation is maintained below
0.06 m even in the Edge case. The angular velocity metrics in Table 7 show a slight increase in the
edge scenario (mean 33.94 deg/s) compared to the nominal case (26.80 deg/s), reflecting the active
compensation required for high-speed wind gusts. However, the low standard deviation indicates
that the decentralized Simplex architecture effectively suppresses disturbances and prevents unsafe
oscillations.

Even under these “mission-impossible” conditions, the multi-agent team demonstrated graceful
degradation. The system achieved a coverage rate of 76.49%, notably higher than the single-agent
result (63.53%) in the same environment. This improvement is primarily driven by the parallel
execution capability of the multi-agent system. Unlike the single-agent scenario, where the mission
stalls when the UAV encounters an occlusion, the multi-UAV configuration allows other agents to
continue scanning unobstructed sections of the structure. Importantly, the safety constraints were
never compromised; with a trajectory validity of 99.41% and an average deviation of only 0.066 m.

The comparative trends across scenarios are visually summarized in Figures 15 and 16. Con-
sistent with the single-agent behavioral patterns observed in Figures 10 and 11, these metrics show
that although environmental severity affects mission-performance efficiency (Figure 15), operational
assurance remains strictly enforced (Figure 16).

It is worth noting that the data distribution in the multi-UAV case (Figure 17) exhibits an even
tighter interquartile range compared to the single-agent baseline. This increased determinism can be
attributed to the significantly reduced mission duration inherent in multi-agent cooperation. Because
the fleet completes the scanning task more quickly, the agents are exposed to the stochastic wind
field for a shorter period. This reduction in “environmental exposure time” limits the accumulation
of integral errors and random disturbances, indicating that multi-UAV deployment offers a dual
benefit: it not only accelerates task completion but also enhances the overall predictability of system
performance under uncertainty.
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(a) Coverage rate (b) Average angular velocity

(c) 95th percentile angular velocity
Figure 15. Comparison of mission performance metrics (multi-UAV).

(a) Trajectory validity (b) Average trajectory deviation

(c) 95th percentile trajectory deviation
Figure 16. Comparison of operational assurance metrics (multi-UAV).
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(a) Mission performance metrics (b) Operational assurance metrics

(c) Wind speeds
Figure 17. Data distribution (multi-UAV).

Figure 18 depicts the resulting trajectories from a multi-UAV mission. The traces show clear
spatial deconfliction, with agents adhering to their assigned inspection corridors while dynamically
avoiding obstacles and compensating for wind disturbances, validating the efficacy of the distributed
planning and control layers.

(a) 3D view (b) Top view
Figure 18. Executed trajectories (multi-UAV).

5. Conclusion
This paper presents a multi-layer (Deliberative–Habitual–Reflexive) resilience architecture de-

signed for uncertain environments. By embedding the Simplex framework simultaneously in the
trajectory-planning and flight-control layers and introducing a High-Assurance (HA) subsystem, the
proposed approach maintains mission performance and operational assurance in a bridge inspection
task. System-level evaluation using high-fidelity simulations and 100-run Monte Carlo statistics

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 December 2025 doi:10.20944/preprints202512.0411.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0411.v1
http://creativecommons.org/licenses/by/4.0/


26 of 32

demonstrates that the architecture preserves performance fidelity under feasible conditions, with
coverage, average angular velocity, and 95th percentile angular velocity remaining within or near
the baseline statistical range in nominal and off-nominal scenarios. Under strongly perturbed and
cluttered environments, such as edge and malformed cases, the system achieves substantial safety
improvements, reducing trajectory deviations by 50–70% while maintaining near-perfect trajectory
validity, thereby preventing sustained boundary violations or divergence. When HA subsystems are
activated, the architecture trades a modest increase in angular velocity for stable deviation conver-
gence, preserving mission availability and data quality while strictly enforcing safety constraints. The
approach also scales effectively to multi-UAV coordination: in a three-vehicle distributed instance, each
vehicle executes the full stack locally, sustaining operational assurance while significantly reducing
total mission time, and demonstrating team-level graceful degradation under malformed conditions by
achieving higher attainable coverage without compromising safety. Overall, the proposed multi-layer
resilient system elevates robustness from the level of individual algorithms to the system architecture,
ensuring consistent performance under nominal conditions, enhanced safety under adverse condi-
tions, and reliable operation across both single- and multi-agent missions. Future work will focus
on implementing and validating mediation strategies in the high-level mission monitor module and
incorporating systematic significance testing and ablation studies to further quantify the contributions
of each architectural component.

Appendix A
This appendix provides details on the derivation and selection of the operational thresholds

used in our experiments. The thresholds are grounded in physical constraints, empirical data, and
safety considerations, ensuring that mission performance and operational assurance remain within
acceptable bounds.

Tracking and Obstacle Safety Deviations

The selection of operational thresholds is grounded in the UAV’s physical characteristics and
empirical performance data. The trajectory deviation and obstacle safety thresholds are intrinsically
linked. Existing literature shows that UAVs used for bridge inspection typically range from compact
models, such as the DJI Phantom series (35 cm wheelbase), to mid-sized industrial platforms like
the Matrice series (65 cm wheelbase) [90]. Our custom-built platform, with a 40 cm wheelbase,
falls squarely within this standard operational range, offering a trade-off between the portability of
consumer drones and the payload capacity of larger industrial frames. A conservative safety principle
is established by defining the UAV’s effective radius, which is 20 cm, half of its wheelbase. The
maximum allowable tracking deviation is set to τdevi = 20 cm. A deviation exceeding this value
signifies that the UAV’s center has moved beyond its physical footprint from the reference path,
indicating a significant control failure. Correspondingly, the minimum obstacle safety clearance for
the planner is defined as the sum of the UAV’s radius and the maximum permissible deviation as
τsafe = 40 cm. This ensures that even under worst-case (but still acceptable) tracking performance, a
safety buffer equivalent to the UAV’s radius is maintained between the vehicle’s edge and any obstacle.
This principle provides a scalable and physically grounded safety margin.

Wind Speed Threshold

The wind speed threshold of 3 m/s was determined empirically through repeated simulations in
a Gazebo environment utilizing a physics-based wind plugin. This value represents the critical point
for sustained wind conditions, where the HP controller (PAMPC [16]) consistently began to violate the
τdevi = 20 cm tracking constraint. It therefore serves as a data-driven, preemptive trigger to switch
to a more robust controller (e.g., SMC [27] or GAC [28], which are designed for higher disturbances),
before the primary safety constraint is breached.
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Angular Velocity Threshold

One derives the critical angular velocity (ωcrit) that induces a one-pixel motion blur for our specific
hardware (Intel RealSense D435) under bright, outdoor lighting.

The relevant camera and environmental parameters are:

• Wsensor: Sensor width (≈ 3.84 mm for the D435’s 1/4" sensor, yielding a 3.0 µm pixel pitch).
• Wpixels: Image width in pixels (1280 pixels).
• fcam: Camera focal length (≈ 1.93 mm for the D435).
• texp: Exposure time (1.0 ms or 1/1000 s for bright conditions).
• pblur: Motion blur threshold (1 pixel).

The derivation proceeds as follows:

1. Pixel Size Calculation: The physical size of a single pixel (dpixel) is:

dpixel =
Wsensor

Wpixels
=

3.84 × 10−3 m
1280

= 3.0 µm/pixel

2. Permissible Blur Distance: The maximum blur distance on the sensor is

dblur = pblur × dpixel = 1 pixel × 3.0 µm/pixel = 3.0 µm

3. Maximum Linear Velocity on Sensor: The corresponding velocity (vsensor, max) is

vsensor, max =
dblur
texp

=
3.0 × 10−6 m
1.0 × 10−3 s

= 3.0 × 10−3 m/s

4. Critical Angular Velocity: Using the pinhole camera approximation (vsensor ≈ ω × fcam), one
solves for ωcrit:

ωcrit =
vsensor, max

fcam
=

3.0 × 10−3 m/s
1.93 × 10−3 m

≈ 1.55 rad/s (or 88.8◦/s)

This derivation provides a physical upper bound of ωcrit. To ensure a conservative safety margin,
one adopts a practical threshold such that angular velocities exceeding ωcrit are considered to induce
significant motion blur.

CPU Utilization Threshold

To ensure real-time performance, the CPU utilization threshold is set at 80%. This decision is
grounded in established real-time systems theory, which states that even under ideal conditions,
schedulability cannot be guaranteed at full CPU utilization [91]. For non-hard real-time operating
systems like the Linux-based distribution on our target platform (NVIDIA Jetson Xavier), this con-
sideration is even more critical. Empirical studies have demonstrated that as CPU load approaches
saturation on such systems, task scheduling latencies can increase non-linearly, jeopardizing the
determinism of the control loop [92]. Furthermore, managing computational resources to maintain
the stability of critical processes is a well-documented challenge in deploying complex autonomous
systems on embedded platforms like UAVs [93]. Consequently, reserving a 20% headroom is a de-
liberate engineering choice to accommodate these non-deterministic effects—such as OS scheduling
latencies, daemon process interference, and transient load spikes—thereby ensuring the stability and
predictability of the flight control loop.

Additional factors, such as computational latency in the flight controller or trajectory planner and
delayed map updates, are managed via conservative thresholds within the logic flow. These measures
prevent unsafe behavior, such as planning based on outdated environmental data or insufficient
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inter-UAV trajectory separation in multi-agent missions, although they are not employed as formal
metrics for operational assurance in this formulation.
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