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Highlights

What are the main findings?
• A capability-aware executable-boundary recovery controller (CAEBR) is proposed for

deadline-guided fixed-wing UAV formation tracking under nonholonomic coupling,
input saturation, and time-varying uncertainties.

• CAEBR separates the mission-level nominal deadline boundary from the control-layer
executable boundary. Simulations show zero executable-boundary exceedance and
improved lateral nominal-boundary re-entry under capability-limited conditions.

What are the implications of the main findings?
• The proposed method provides a feasible way to handle temporary mismatch between

prescribed mission deadlines and real-time maneuvering capability, avoiding the unre-
alistic assumption that nominal performance boundaries are always enforceable.

• The priority-based lateral recovery strategy improves formation tracking reliability for
fixed-wing UAVs, especially in the indirectly actuated lateral channel, while preserving
bounded closed-loop behavior and heading-support feasibility.

Abstract

This paper studies deadline-guided formation tracking for fixed-wing unmanned aerial
vehicles subject to nonholonomic coupling, input saturation, and time-varying uncertain-
ties. The central difficulty is that the mission layer prescribes a nominal deadline-guided
performance boundary, whereas the control layer may be temporarily unable to enforce
it because the available maneuvering capability varies online. To address this mismatch,
a capability-aware executable-boundary recovery controller, abbreviated as CAEBR, is
developed. CAEBR distinguishes between a nominal deadline boundary and an executable
boundary; the latter is adjusted according to online estimates of maneuvering capabil-
ity and is recovered toward the nominal boundary when sufficient authority becomes
available. The architecture contains three components: a bounded fast layer for executable-
boundary regulation, priority-based lateral recovery, and matched residual compensation;
a slow residual-aware predictive coordination layer for boundary recovery and heading-
authority adjustment; and an adaptive residual-information layer for matched residual
estimation and conservative residual-load indication. The fast-layer feedback uses bounded
transformed-error terms, thereby avoiding circular boundedness arguments caused by un-
bounded commands under input saturation. Under admissible coordination, conservative
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residual-load, and saturation-compatible executability conditions, the analysis establishes
forward invariance of the executable boundary and heading-support tube, boundedness
of closed-loop signals, and conditional recovery of the nominal boundary. Simulations
demonstrate effective deadline-guided formation tracking, capability-dependent boundary
relaxation under saturated recovery, improved lateral tracking in the more demanding
scenario, Aerosonde-class 6-DoF command-execution consistency, and the remaining per-
formance limitations when the selected executable-boundary budget is insufficient to
remove all exceedance.

Keywords: fixed-wing UAV formation control; deadline-guided tracking; prescribed per-
formance; hierarchical control; executable-boundary recovery

1. Introduction
Unmanned aerial vehicle (UAV) formation flight has attracted considerable attention

because it can improve mission efficiency, sensing coverage, and operational robustness
in surveillance, reconnaissance, environmental monitoring, search and rescue, and coop-
erative transportation tasks [1–3]. Among various UAV platforms, fixed-wing UAVs are
particularly suitable for long-endurance and large-area missions because of their high
aerodynamic efficiency, fast cruising speed, and long range [4,5]. However, compared with
multirotor UAVs and simplified double-integrator agents, fixed-wing UAVs are subject to
nonholonomic motion constraints, minimum-speed requirements, limited turning radius,
input saturation, and strong longitudinal–lateral coupling [6–8]. These characteristics make
deadline-guided formation tracking challenging, especially when transient performance re-
quirements, limited maneuvering authority, and external disturbances must be considered
simultaneously.

Formation-control methods for UAVs and multi-agent systems have been extensively
investigated. Consensus-based and graph-theoretic methods provide effective tools for
distributed coordination [9,10], while leader–follower and virtual-structure strategies offer
intuitive formation specifications for cooperative motion generation [11–13]. Behavior-
based and artificial-potential-field methods have also been used for formation maintenance,
obstacle avoidance, and cooperative maneuvering [14,15]. For example, finite-time for-
mation control with input saturation and dynamic leaders has been studied in [16], and
artificial-potential-field-based multi-UAV obstacle avoidance and formation control has
been investigated in [17]. Although these methods improve formation integrity and con-
vergence performance, many of them are developed for general multi-agent systems,
quadrotor platforms, or simplified agent models. Their direct application to fixed-wing
formations is limited because the lateral tracking error is not directly actuated and must be
reduced indirectly through heading adjustment and forward motion.

Formation control specifically for fixed-wing UAVs has therefore received increasing
attention. Heintz et al. [18] developed an extended-unicycle-based formation controller
for autonomous fixed-wing air vehicles with strict speed constraints. Li et al. [19] investi-
gated affine formation tracking for fixed-wing UAVs with asymmetric speed constraints.
Yu et al. [20] developed an event-triggered coordinated formation controller for fixed-wing
UAVs under nonlinear external disturbances and wake-vortex effects. Liu et al. [21] studied
centralized formation keeping for fixed-wing UAV flocking using reinforcement learning.
Recent fixed-wing formation studies therefore cover strict speed constraints, asymmetric
vehicle constraints, nonlinear disturbances, wake-vortex effects, learning-based coordi-
nation, and prescribed-performance or predefined-time tracking [18–26]. These studies
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have significantly advanced fixed-wing UAV formation control. Several recent fixed-wing
studies are especially relevant as state-of-the-art references for benchmarking and posi-
tioning: adaptive predefined-time prescribed-performance path following [22], fixed-time
optimal fault-tolerant prescribed-performance formation under dual faults [23], bearing-
based fault-tolerant prescribed-performance formation [24], distributed robust adaptive
practical finite-time formation tracking [25], and prescribed-time formation tracking with
disturbances and failures [27]. These works provide stronger modern fixed-wing control
references than generic mechanism-level baselines alone. However, most of them enforce a
fixed task boundary or improve tracking robustness under assumed admissible command
authority. They do not explicitly model the case in which a deadline-induced performance
boundary is temporarily beyond the instantaneous maneuvering capability and must be
converted into a recoverable executable boundary. Accordingly, the present paper uses
these studies to position the benchmark classes and contribution boundary, while avoiding
an unsupported claim that all modern fixed-wing controllers are fully reproduced under
identical inner-loop, fault, communication, and platform assumptions.

To improve transient tracking performance, prescribed-performance control [22–24],
finite-time control [25,28], fixed-time control [29,30], and prescribed-time control [31,32]
have been introduced into nonlinear tracking and formation-control problems. Classical
funnel-control and prescribed-performance adaptive-control results further show how
tracking errors can be constrained by time-varying funnels or envelopes [33–35]. These
methods can constrain tracking errors within predefined performance envelopes or guar-
antee convergence within a specified time, making them attractive for time-critical UAV
missions. For fixed-wing UAVs, Zheng et al. [26] proposed a prescribed-time maneuvering-
target-closing method for multiple fixed-wing UAVs. Recent multi-agent studies have also
extended fixed- or preassigned-time regulation to heterogeneous signed networks [36].
However, most prescribed-performance, prescribed-time, and funnel-type designs implic-
itly assume that the prescribed boundary or convergence requirement is always enforceable
by the available control authority. For constrained fixed-wing UAVs, this assumption may
fail when the nominal deadline boundary becomes too tight relative to the instantaneous
maneuvering capability, particularly during large-initial-error recovery, aggressive turning
maneuvers, or input saturation. These single-envelope designs usually do not provide an
online mechanism that records the temporary gap between the mission-level boundary and
the boundary enforceable by the saturated aircraft. Therefore, a deadline boundary should
not only specify the desired transient performance but also be coordinated with real-time
executable capability.

Input constraints are central to this executability issue. Saturation-aware control,
anti-windup compensation, command filtering, and dynamic surface control can mitigate
the adverse effects of input constraints [37–40], while model predictive control provides
a systematic way to handle state and input constraints in trajectory tracking and coop-
erative control [41–43]. Robust and tube-based predictive control methods further im-
prove constraint satisfaction under bounded disturbances and model uncertainty [44,45].
Learning-based flight-control studies have also addressed state/input constraints or com-
plex morphing dynamics using safe reinforcement learning or convex-combined deep
reinforcement learning schemes [46,47]. Nevertheless, in many constrained-control designs,
relaxation or constraint tightening is mainly used as a numerical feasibility or robustness
device. It is rarely interpreted as a physical performance–capability coordination vari-
able that quantifies the temporary gap between mission-level deadline requirements and
real-time maneuvering authority.

Disturbance rejection, adaptive residual compensation, and safety-critical control are
also closely related to constrained transient formation tracking. Disturbance observers,

https://doi.org/10.3390/drones10070530

https://doi.org/10.3390/drones10070530


Drones 2026, 10, 530 4 of 50

extended state observers, adaptive estimators, and learning-based residual models can
improve robustness by estimating or compensating for unknown disturbances [48–50]. A
recent fixed-wing formation-control study also developed a distributed finite-time ESO
consensus controller for multiple fixed-wing UAVs under external disturbances [20], and
observer-based secure consensus has further been investigated for multi-agent systems
under multimode denial-of-service attacks [51]. However, aggressive residual cancel-
lation may amplify estimation errors or observer transients. Moreover, for fixed-wing
UAVs, lateral residual effects cannot be cancelled in the same direct manner as matched
longitudinal or heading-channel disturbances because the lateral channel is indirectly actu-
ated. Meanwhile, invariant-set methods, barrier Lyapunov functions, and control barrier
functions provide useful tools for maintaining state constraints and ensuring forward
invariance [52–54]. Yet most of these methods focus on enforcing a fixed admissible set or
prescribed safety boundary. These recent works highlight time-critical, constrained, intelli-
gent, observer-based, and secure cooperative-control directions, but they do not specifically
resolve deadline-boundary executability for saturated fixed-wing formations. In deadline-
guided fixed-wing formation tracking, the critical issue is that the nominal performance
boundary may become temporarily infeasible and should be recovered only when sufficient
maneuvering capability becomes available. Accordingly, the reviewed literature leaves
mechanism-level and recent fixed-wing alternatives that are closest to the present objective:
fixed prescribed-boundary enforcement, prescribed-time prescribed-performance single-
envelope enforcement, disturbance-compensated robust tracking, finite-time ESO-based
consensus tracking, and optimization-based constrained tracking. These alternatives moti-
vate the PPC, PT-PPC, DOB, FT-ESO, and MPC baselines used in the simulation study, with
PT-PPC added as an advanced prescribed-time single-envelope comparator and FT-ESO
added as a recent fixed-wing observer/consensus comparator. The baseline comparison is
not intended to claim that these implementations exhaust all state-of-the-art fixed-wing
formation controllers. Rather, it is designed to test whether CAEBR adds a capability-aware
recovery function beyond the most relevant competing mechanisms: prescribed-boundary
tracking, prescribed-time single-envelope tracking, residual compensation, finite-time
ESO-based consensus tracking, and soft-constrained receding-horizon control.

Motivated by the above observations, this paper studies deadline-guided formation
tracking for fixed-wing UAVs subject to nonholonomic coupling, input saturation, and
time-varying uncertainties. The key difficulty lies in the mismatch between mission-level
deadline requirements and the real-time maneuvering capability of constrained fixed-wing
platforms. If this mismatch is ignored, the controller may generate excessive saturation,
poor transient recovery, or ineffective boundary regulation, especially in the lateral channel
where error reduction depends indirectly on heading adjustment.

To address this problem, a capability-aware executable-boundary recovery controller
(CAEBR) is developed. CAEBR separates the nominal deadline boundary from the exe-
cutable boundary enforced by the control layer and coordinates the gap between them
according to online maneuvering capability. A priority-based lateral recovery mechanism
is further introduced to strengthen nominal-boundary re-entry when the lateral channel
becomes critical and sufficient turning margin is available.

The main contributions are summarized as follows.

1. A capability-aware deadline-guided formation-control formulation is developed for
fixed-wing UAVs under nonholonomic motion, input saturation, and time-varying
disturbances. By introducing both a nominal deadline boundary and an executable
boundary, CAEBR explicitly separates mission-level transient-performance require-
ments from real-time control feasibility constraints.
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2. A capability-aware executable-boundary recovery mechanism is developed rather
than treating constraint relaxation as a purely numerical slack variable. The relaxation
variables are driven by online maneuvering-capability and residual-load information,
enter the enforced transformed-error boundary directly, and are recovered toward
zero when sufficient authority returns. The fast, slow, and adaptive components
are used as implementation layers for this mechanism, rather than being claimed as
independent sources of novelty.

3. A priority-based lateral recovery augmentation mechanism is designed for the under-
actuated lateral channel. When the lateral transformed error approaches or exceeds
the nominal boundary and sufficient turning margin is available, the mechanism
increases lateral recovery priority through enhanced virtual-heading correction and
moderated longitudinal feedback, thereby promoting nominal-boundary recovery
without sacrificing executable-boundary feasibility.

4. A stability, invariance, and conditional-recovery analysis is provided. Under
saturation-compatible executable-boundary conditions, CAEBR guarantees forward
invariance of the executable boundary and heading-support tube, boundedness of
closed-loop signals, and recovery of the executable boundary toward the nominal
deadline boundary when sufficient capability is restored.

The remainder of this paper is organized as follows. Section 2 presents the fixed-wing
formation model and problem formulation. Section 3 develops CAEBR, including fast
executable-boundary tracking, priority-based lateral recovery, slow predictive coordination,
and adaptive residual-information construction. Section 4 presents simulation studies.
Section 5 discusses practical implementation and limitations. Section 6 concludes this paper.
Appendix A provides stability, invariance, and recoverability analysis.

2. System Model and Problem Formulation
2.1. Fixed-Wing UAV Kinematics

Consider a leader–follower formation composed of one leader denoted by A0 and N
followers denoted by Ai, i = 1, . . . , N. The state of follower i is described by

qi = [xi, yi, θi]
⊤, (1)

where (xi, yi) ∈ R2 denotes the inertial position and θi ∈ R is the heading angle.
The planar kinematics are modeled as

ẋi = vi cos θi + dx,i,

ẏi = vi sin θi + dy,i,

θ̇i = ωi + dθ,i,

(2)

where vi and ωi denote the applied speed and turn-rate commands generated by the
controller, and dx,i, dy,i, and dθ,i denote lumped plant-level disturbances caused by wind
and unmodeled effects.

The applied inputs of each fixed-wing aircraft are constrained by

vmin ≤ vi ≤ vmax, |ωi| ≤ ωmax, (3)

where 0 < vmin < vmax and ωmax > 0. Equation (2) is an outer-loop kinematic model.
The controller does not directly command aerodynamic surfaces; instead, vi and ωi are
interpreted as speed and turn-rate references tracked by a lower-level fixed-wing autopi-
lot. The saturation limits in Equation (3) should therefore be chosen within the physical
envelope of the aircraft and its inner-loop controller. For a coordinated level turn, |ωi|
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is related to the bank angle ϕi approximately by |ωi| = g| tan ϕi|/vi, and the load factor
satisfies ni = 1/ cos ϕi. Thus, ωmax should be no larger than the turn-rate permitted by
the allowable bank angle and load factor over the operating speed interval. Any residual
inner-loop tracking error, wind-induced drift, or unmodeled aerodynamic effect is included
in the lumped disturbance terms in Equation (2).

The leader state q0 = [x0, y0, θ0]
⊤ and its input signals v0, ω0 are assumed to be

measurable through onboard sensing or communication.

Assumption 1. The leader signals are bounded and piecewise continuously differentiable. Specifi-
cally, there exist positive constants v̄0, ω̄0, ā0, ᾱ0 such that

|v0(t)| ≤ v̄0, |ω0(t)| ≤ ω̄0, |v̇0(t)| ≤ ā0, |ω̇0(t)| ≤ ᾱ0, (4)

for all t ≥ 0.

Assumption 2. For each follower i, the plant-level lumped disturbances in Equation (2) are
bounded and have bounded variation rates, i.e.,

|dj,i(t)| ≤ d̄phys
j,i , |ḋj,i(t)| ≤ l̄j,i, j ∈ {x, y, θ}, (5)

where d̄phys
j,i > 0 and l̄j,i > 0 are finite but unknown constants.

2.2. Formation Error Dynamics

The geometric relationship among the leader, follower i, its desired formation position,
the body-frame errors, and the heading-support direction is illustrated in Figure 1.

Figure 1. Planar fixed-wing formation geometry.

For a prescribed formation pattern, let the desired offset of follower i in the leader
body frame be

∆i = [∆x,i, ∆y,i]
⊤. (6)

Then the desired inertial reference position is

pd,i =

[
xd,i

yd,i

]
=

[
x0

y0

]
+ R(θ0)∆i, (7)
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where

R(θ) =

[
cos θ − sin θ

sin θ cos θ

]
. (8)

Differentiating Equation (7) gives

ṗd,i =

[
v0 cos θ0

v0 sin θ0

]
+ ω0R(θ0)

[
−∆y,i

∆x,i

]
. (9)

Define the position vector of follower i as pi = [xi, yi]
⊤. The formation tracking error

expressed in the follower body frame is

ei =

[
ex,i

ey,i

]
= R⊤(θi)(pd,i − pi), (10)

where ex,i and ey,i denote the longitudinal and lateral tracking errors, respectively.
Define the relative heading

ηi = θ0 − θi. (11)

In fixed-wing formation tracking, ηi is not treated as a primary deadline-constrained
performance variable. Instead, it is used as an auxiliary mechanism for supporting lateral
error correction.

Let θv,i denote a virtual heading-correction signal to be designed in the fast layer. To
avoid direct differentiation of the virtual heading signal, introduce the first-order filter

τψψ̇i + ψi = θv,i, τψ > 0, (12)

and define the heading-support error as

zθ,i = ψi − ηi. (13)

Thus, ψi is the filtered virtual heading reference, while zθ,i measures the deviation between
the filtered heading-support signal and the relative-heading state.

Using Equations (2) and (11)–(13), the augmented formation-error dynamics can be
written as

ėx,i = v0 cos(ψi − zθ,i)− ω0

(
∆x,i sin(ψi − zθ,i) + ∆y,i cos(ψi − zθ,i)

)
− vi + ωiey,i + d̃e

x,i,

ėy,i = v0 sin(ψi − zθ,i) + ω0

(
∆x,i cos(ψi − zθ,i)− ∆y,i sin(ψi − zθ,i)

)
− ωiex,i + d̃e

y,i,

żθ,i = ψ̇i − ω0 + ωi + d̃z
θ,i.

(14)

Here, d̃e
x,i, d̃e

y,i, and d̃z
θ,i denote transformed lumped disturbances in the augmented error

dynamics.
Equation (14) highlights the nonholonomic coupling intrinsic to fixed-wing motion.

In particular, the lateral error ey,i is not directly actuated and must be corrected through
heading adjustment and forward motion.

2.3. Deadline-Guided Performance Specification

For each follower i, the mission layer specifies a deadline T⋆ > 0 and target radii
rx,i > 0, ry,i > 0 for the longitudinal and lateral position errors. To encode this requirement
in a bounded transformed domain, define for each position channel j ∈ {x, y}

hj(ej,i) = tanh(κjej,i), κj > 0. (15)
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Given the target radius rj,i, the corresponding terminal bound in the transformed domain is

µ∞
j,i = tanh(κjrj,i) ∈ (0, 1). (16)

Let µ0
j,i ∈ (µ∞

j,i, 1) denote the initial allowable bound. The nominal deadline boundary is
defined as

µnom
j,i (t) =

µ∞
j,i +

(
µ0

j,i − µ∞
j,i
)(

1 − t
T⋆

)ℓj

, 0 ≤ t < T⋆,

µ∞
j,i, t ≥ T⋆,

(17)

where ℓj > 1 is a shape parameter. If the nominal boundary is satisfied for all t ≥ 0, then

|ej,i(t)| ≤ rj,i, ∀t ≥ T⋆. (18)

The nominal boundary µnom
j,i (t) characterizes the desired mission-layer transient re-

quirement. However, for constrained fixed-wing UAVs subject to nonholonomic coupling,
input saturation, and time-varying disturbances, this boundary may not always be directly
enforceable in real time.

To accommodate a temporary capability shortage, an executable boundary is introduced:

µact
j,i (t) = µnom

j,i (t) + δj,i(t), j ∈ {x, y}, (19)

where δj,i(t) ≥ 0 is a capability-dependent relaxation variable. The executable-boundary
requirement is

|hj(ej,i(t))| ≤ µact
j,i (t), j ∈ {x, y}. (20)

Thus, µnom
j,i (t) represents the deadline-guided task requirement, whereas µact

j,i (t) represents
the boundary that can be enforced in real time with the currently available maneuver-
ing capability. The relaxation variable δj,i(t) is a control-layer executability indicator
that quantifies the temporary gap between the mission-level demand and the available
control authority.

Unlike a conventional soft-constraint slack used only inside an optimization cost,
this relaxation variable is part of the closed-loop performance specification rather than
merely a numerical feasibility device. It defines the boundary actually enforced by the
controller, appears in the transformed-error normalization and invariance conditions, and
is scheduled according to online maneuvering capability. Hence, the relaxation has a
physical interpretation as the temporary capability gap between the nominal deadline
requirement and the boundary that can be enforced by the saturated fixed-wing platform.
This interpretation is operational rather than a first-principles aerodynamic derivation: the
executable boundary is computed from the outer-loop saturation margins, residual-load
indicators, and selected relaxation budget, and it should be calibrated against the physical
speed, bank-angle, load-factor, and actuator limits of the specific airframe.

The executable boundary is initialized before the online coordination starts. Let

η0
j,i = |hj(ej,i(0))|, j ∈ {x, y}. (21)

Given a small margin ε0
j,i > 0, the initial relaxation is selected as

δj,i(0) = Π[0,δ̄j ]

(
η0

j,i + ε0
j,i − µnom

j,i (0)
)

, (22)

where Π[0,δ̄j ]
(·) denotes projection onto the admissible interval. Therefore, if the initial

error satisfies
η0

j,i + ε0
j,i ≤ µnom

j,i (0) + δ̄j < 1, (23)
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then |hj(ej,i(0))| < µact
j,i (0), and the transformed-error variables are well defined at the

initial time. If Equation (23) is violated, the selected relaxation budget is insufficient to
certify initial executable-boundary feasibility. In that case, either the admissible relaxation
budget or the mission-level boundary must be enlarged by the task layer, or the invariance
guarantee starts after a feasible executable boundary has been initialized.

Remark 1. The introduction of the executable boundary does not change the mission requirement.
The nominal boundary remains the task-level performance specification. The relaxation variable
only indicates that the prescribed boundary is temporarily beyond the available maneuvering
capability. In a complete autonomous mission architecture, this indicator may be reported to the
task-planning layer for replanning or task reassignment. This paper focuses on the control-layer
problem: during a temporary capability shortage, CAEBR preserves executable-boundary feasibility,
keeps the formation bounded, and promotes recovery toward the nominal boundary once sufficient
capability becomes available.

2.4. Problem Formulation

The control problem is to design a hierarchical controller such that, for each follower i,
the following objectives are achieved.

1. The transformed longitudinal and lateral position errors remain within the executable
boundary for all t ≥ 0:

|hx(ex,i(t))| ≤ µact
x,i (t), |hy(ey,i(t))| ≤ µact

y,i (t). (24)

2. The heading-support channel remains bounded within a prescribed small-angle tube:

|zθ,i(t)| ≤ rθ,i, (25)

so that effective inward lateral correction is preserved.
3. The relaxation variables δx,i(t) and δy,i(t) are adjusted according to available maneu-

vering capability and are driven toward zero when sufficient maneuvering capability
is restored.

The resulting design problem is therefore not to force an infeasible deadline boundary
under arbitrary saturation, but to preserve executable-boundary feasibility under a tempo-
rary capability shortage and to recover the nominal boundary when sufficient maneuvering
capability is restored.

3. Methodology
This section proposes a capability-aware executable-boundary recovery controller

(CAEBR) to maintain executable-boundary feasibility and promote nominal-boundary
recovery. CAEBR consists of three mutually coupled layers, as shown in Figure 2. The
fast layer performs real-time executable-boundary regulation, heading-support stabiliza-
tion, priority-based lateral recovery, and matched residual compensation. The slow layer
coordinates the relaxation variables, heading-correction authority, and lateral recovery
intensity on a slower timescale according to maneuvering capability and residual-load
information. The adaptive residual-information layer provides matched residual estimates
and conservative residual-load indicators for compensation and scheduling.

The novelty of CAEBR lies in how these layers are coupled through the executable-
boundary variable: the fast layer enforces the currently executable boundary, the slow layer
regulates its relaxation and recovery according to capability indicators, and the residual-
information layer supplies conservative load information for this scheduling. Therefore,
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the layered structure is not used as a standalone source of novelty, but as a mechanism for
converting online capability information into enforceable transient-performance recovery.

Figure 2. CAEBR control framework.

Before presenting the controller, we specify the admissible coordination variables and
feasibility conditions used throughout this section. The executable-boundary relaxation
variables and recovery-related scheduling variables δx,i, δy,i, ∆θ̄i, and σy,i are internal
variables generated by the controller. They are implemented through projection, saturation,
and rate-limiting operators and hence satisfy, by design,

0 ≤ δj,i(t) ≤ δ̄j, 0 ≤ σy,i(t) ≤ σ̄y,i,

|∆θ̄i(t)| ≤ θ̄∆, 0 < θ̄i(t) = θ̄0,i + ∆θ̄i(t) ≤ θ̄max,
(26)

where j ∈ {x, y}. The projection and rate-limiting rules for the executable boundary are
selected such that

0 < µ
j,i
≤ µact

j,i (t) ≤ µ̄j,i < 1, |µ̇act
j,i (t)| ≤ ρ̄j,i. (27)

The admissibility conditions in Equations (26) and (27) are imposed on the actually applied
coordination signals, regardless of whether they are generated by the finite-horizon opti-
mizer or by the fallback rule. Therefore, the slow predictive layer is used as a bounded
performance scheduler rather than as the sole source of closed-loop stability. The forward-
invariance analysis below relies on admissibility of the applied schedule and on the fast-
layer inward conditions, not on an unconditional recursive-feasibility claim for the slow
finite-horizon optimization.

Assumption 3. For each follower i, the matched longitudinal and heading-support equivalent
residual dynamics are continuous and bounded on a compact operating domain. Moreover, they can
be approximated by bounded neural basis functions with bounded approximation errors. Specifically,
there exist unknown ideal constant weights W∗

x,i and W∗
θ,i such that

mx,i = W∗⊤
x,i Φx,i(sNN

i ) + εx,i, |εx,i| ≤ ε̄x,i, (28)
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and
mθ,i = W∗⊤

θ,i Φθ,i(sNN
i ) + εθ,i, |εθ,i| ≤ ε̄θ,i. (29)

Here, Φx,i(·) and Φθ,i(·) are bounded neural basis vectors, sNN
i is a measurable regressor vector,

and εx,i and εθ,i are bounded approximation errors. The equivalent residuals mx,i and mθ,i denote
theoretical matched residual dynamics and are not assumed to be directly measurable.

The adaptive weights are updated with projection operators. Their initial values are
selected within the projection sets,

Ŵx,i(0) ∈ Ωx, Ŵθ,i(0) ∈ Ωθ , (30)

and the projection radii are chosen sufficiently large so that the ideal weights W∗
x,i and W∗

θ,i
belong to the corresponding compact analysis sets.

3.1. Unified Fast-Layer Controller for Executable-Boundary Regulation and Lateral Recovery

The fast layer is designed to enforce the executable boundary in real time while
promoting nominal-boundary recovery whenever sufficient maneuvering capability is
available. It combines executable-boundary regulation, priority-based lateral recovery, and
matched residual compensation in a single bounded control structure.

The adaptive residual-information layer supplies the matched residual estimates m̂x,i

and m̂θ,i, as well as the conservative residual-load indicators D̂x,i, D̂y,i, and D̂θ,i.
The available maneuvering capability is quantified from input margins and residual-

load indicators. To avoid algebraic dependence between capability indices and the com-
mands being designed, the input-margin factors are computed from measurable or previ-
ously held command-margin indicators. Define

vmid =
vmin + vmax

2
, Rv =

vmax − vmin

2
. (31)

The speed-margin factor is

sv,i = sat[0,1]

(
1 − |vi − vmid|

Rv

)
, (32)

and the turn-rate margin factor is

sω,i = sat[0,1]

(
ωmax − |ωi|

ωmax

)
. (33)

The residual-quality factors are defined as

sdx ,i = sat[0,1]

(
ax

ax + D̂x,i

)
, sdy ,i = sat[0,1]

(
ay

ay + D̂y,i

)
,

sdθ ,i = sat[0,1]

(
aθ

aθ + D̂θ,i

)
.

(34)

where ax, ay, aθ > 0 are normalization constants. The estimated capability indices are then
given by

χ̂x,i = sv,isdx ,i,

χ̂y,i = sω,isdθ ,isdy ,i,

χ̂θ,i = sω,isdθ ,i.

(35)
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Here, χ̂x,i characterizes the estimated available longitudinal authority, χ̂θ,i characterizes
heading-support authority, and χ̂y,i further includes the lateral residual-load indicator
because lateral recovery is indirectly achieved through heading-induced coupling. The
scheduled gains are chosen as

kν,i(χ̂ν,i) = kν,min +
(
kν,max − kν,min

)
χ̂ν,i, ν ∈ {x, y, θ}, (36)

where kν,max > kν,min > 0.
Using the executable boundary, define the normalized transformed errors

ĕx,i =
tanh(κxex,i)

µact
x,i (t)

, ĕy,i =
tanh(κyey,i)

µact
y,i (t)

, (37)

and the corresponding transformed variables

ζx,i = artanh(ĕx,i), ζy,i = artanh(ĕy,i). (38)

As long as |ĕx,i| < 1 and |ĕy,i| < 1, the transformed position errors remain within the
executable boundary.

Lemma 1. Consider follower i under the augmented error dynamics Equation (14). Suppose that, in
a compact operating region, the follower maintains positive forward speed, bounded heading-support
error, bounded filtering mismatch, and sufficient turn-rate margin. Assume that the virtual-heading
command is generated toward the lateral-error-reducing side, i.e.,

sgn(θv,i) = − sgn(ζy,i), ζy,i ̸= 0, (39)

and assume further that the induced heading-support sector is nondegenerate. Let cy,i(t) denote the
instantaneous lateral inward-sector gain induced by the current forward speed, heading-support
authority, turn-rate margin, transformation gain, and admissible coordination variables. Suppose
that, on the considered operating interval, this gain admits a uniform positive lower bound and the
remaining transformed lateral mismatch admits a uniform upper bound, namely

cy,i(t) ≥ cy,i > 0,
∣∣∣Γy,i∆lat

y,i + Πy,i

∣∣∣ ≤ ∆̄y,i. (40)

Then the lateral transformed-error channel satisfies

ζy,i ζ̇y,i ≤ −cy,iζy,i tanh(ζy,i) + |ζy,i|∆̄y,i, (41)

where ζy,i is the transformed lateral error defined in Equation (38).

Proof. From the augmented lateral error dynamics in Equation (14), the lateral transformed-
error dynamics can be written on the considered compact operating region as

ζ̇y,i = Γy,i(ey,i, µact
y,i )ėy,i + Πy,i(ey,i, µact

y,i , µ̇act
y,i ), (42)

where Γy,i(·) > 0 is the positive transformation gain induced by the prescribed-performance
mapping, and Πy,i(·) collects the boundary-variation term. Since µact

y,i is bounded away
from zero and one and |µ̇act

y,i | is bounded, both Γy,i and Πy,i are bounded on the compact set.
The lateral error derivative can be decomposed as

ėy,i = ėhead
y,i + ∆lat

y,i , (43)
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where ėhead
y,i denotes the component induced by the heading-support direction and forward

motion, while ∆lat
y,i collects leader-induced terms, filtering mismatch, saturation effects, and

lateral residual disturbances. Under the inward-sign condition

sgn(θv,i) = − sgn(ζy,i), ζy,i ̸= 0, (44)

the heading-support direction points toward the lateral-error-reducing side. The resulting
inward-sector coefficient may vary with the instantaneous forward speed, turn-rate margin,
heading-support authority, transformation gain, and slow-layer coordination variables.
Under the stated uniform executable-sector margin, there exists a lower bound q

y,i
> 0

such that
ζy,iΓy,i ėhead

y,i ≤ −q
y,i

ζy,i tanh(ζy,i) (45)

on the compact operating region.
Moreover, the remaining terms are bounded. Hence, there exists a constant q̄y,i > 0

such that ∣∣∣ζy,i

(
Γy,i∆lat

y,i + Πy,i

)∣∣∣ ≤ |ζy,i|q̄y,i. (46)

Combining the preceding two inequalities gives

ζy,i ζ̇y,i ≤ −q
y,i

ζy,i tanh(ζy,i) + |ζy,i|q̄y,i. (47)

Letting
cy,i = q

y,i
, ∆̄y,i = q̄y,i, (48)

yields Equation (41). This completes the proof.

To quantify the urgency of lateral nominal-boundary recovery, define

ξy,i(t) =
|hy(ey,i(t))| − µnom

y,i (t)

max{1 − µnom
y,i (t), εξ}

, εξ > 0, (49)

and
ρy,i(t) = sat[0,1]

(
ξy,i(t)

)
. (50)

When the lateral transformed error remains within the nominal boundary, ρy,i = 0, whereas
larger values of ρy,i indicate stronger urgency for nominal-boundary re-entry.

Turn-rate availability for lateral recovery is evaluated by

γω,i(t) = sat[0,1]

(
1 − |ωm,i(t)|

ωmax

)
, (51)

and the heading-support margin factor is

γθ,i(t) = sat[0,1]

(
1 − |zθ,i(t)|

rθ,i

)
. (52)

The factor γθ,i suppresses aggressive lateral recovery when the heading-support tube is
close to saturation.

Let σy,i(t) ≥ 0 be the slow recovery-intensity variable generated by the coordination
layer. The overall lateral recovery priority is defined as

πy,i(t) = sat[0,1]
(
ρy,i(t) + κσσy,i(t)

)
γω,i(t)γθ,i(t), κσ > 0. (53)
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The available virtual heading-correction authority is

θ̄i = θ̄0,i + ∆θ̄i, 0 < θ̄i ≤ θ̄max. (54)

The bounded virtual heading law is designed as

θv,i = sat[−θ̄max,θ̄max]

(
−θ̄i

(
1 + αθπy,i

)
tanh

(
ky,i(χ̂y,i)ζy,i

)
− βθπy,i tanh(ζy,i)

)
, (55)

where αθ > 0 and βθ > 0.
The heading-support filter Equation (12) gives

ψ̇i =
θv,i − ψi

τψ
. (56)

The speed command is designed as

vunsat
c,i = v0 cos(ψi − zθ,i)− ω0

(
∆x,i sin(ψi − zθ,i) + ∆y,i cos(ψi − zθ,i)

)
+ ωm,iey,i +

(
1 − αvπy,i

)
[kx,i(χ̂x,i) + βx] tanh(ζx,i) + m̂x,i,

(57)

where 0 < αv < 1 and βx > 0. The term ωm,iey,i compensates the measurable longitudinal–
lateral coupling in a bounded manner on the executable-boundary domain. The bounded
nonlinear feedback tanh(ζx,i) is used instead of an unbounded linear transformed-error
feedback.

The turn-rate command is designed as

ωunsat
c,i = ω0 − ψ̇i − kθ,i(χ̂θ,i) tanh(λθzθ,i)− βzrθ,i tanh

(
zθ,i

rθ,i

)
− m̂θ,i, λθ > 0, βz > 0, (58)

where the bounded nonlinear damping term replaces the unbounded linear heading feedback.
The applied inputs are

vi = sat[vmin,vmax]

(
vunsat

c,i
)
, ωi = sat[−ωmax,ωmax]

(
ωunsat

c,i
)
. (59)

Because the feedback terms in Equation (55), (57) and (58) are bounded functions,
and because the adaptive weights are confined to compact projection sets, the unsaturated
commands are bounded on the admissible executable-boundary domain. In particular,
there exists a finite constant v̄c,i > 0 such that

|vunsat
c,i (t)| ≤ v̄c,i. (60)

One admissible bound is

v̄c,i = v̄0 + ω̄0
(
|∆x,i|+ |∆y,i|

)
+ ωmax ēy,i + kx,max + βx + ¯̂mx,i, (61)

where
ēy,i =

1
κy

artanh(µ̄y,i) (62)

is induced by the admissible executable-boundary condition µact
y,i ≤ µ̄y,i < 1, and ¯̂mx,i is a

finite bound induced by the projection set and bounded basis functions.
Therefore, the speed saturation discrepancy

ϵv,i = vi − vunsat
c,i (63)
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is bounded by
|ϵv,i(t)| ≤ ϵ̄v,i, ϵ̄v,i = vmax + v̄c,i. (64)

Similarly, the turn-rate command is bounded on the heading-support tube and com-
pact projection domain. Hence the turn-rate saturation discrepancy

ϵω,i = ωi − ωunsat
c,i (65)

is bounded whenever the executable heading-support condition is satisfied.

3.2. Residual-Aware Slow Predictive Coordination for Boundary Recovery

The bounded fast layer preserves instantaneous executable-boundary regulation when
the boundary is compatible with the available maneuvering authority. However, it does not
by itself determine how the executable boundary should evolve over time. This recovery
and scheduling problem is handled by a slow residual-aware predictive coordinator. Its
role is to regulate the relaxation variables, the heading-correction authority, and the lateral
recovery intensity on a slower timescale so that temporary feasibility preservation and
subsequent nominal-boundary recovery can be balanced explicitly.

The slow layer uses measured errors, estimated capability indices, and conservative
residual-load indicators generated by the adaptive residual-information layer. In this way, it
coordinates executable-boundary recovery using implementable residual-burden estimates
rather than inaccessible physical disturbances or true equivalent residuals.

The slow layer is implemented periodically with sampling period Ts > 0. The state
vector is defined as

Xi(k) =
[
ex,i(k) ey,i(k) zθ,i(k) δx,i(k) δy,i(k) σy,i(k)

]⊤
, (66)

and the coordination input is defined as

uc,i(k) =
[
vδ,x,i(k) vδ,y,i(k) ∆θ̄i(k)

]⊤
. (67)

Here, ∆θ̄i(k) is a zero-order-held coordination parameter used to adjust the virtual heading-
correction authority in Equation (54).

The scalar projection operator over an interval [a, b] is defined by

Proj[a,b](s, ν) =


0, s = a, ν < 0,

0, s = b, ν > 0,

ν, otherwise.

(68)

This operator clips the vector field at the interval boundaries and preserves interval invariance.
The executable-boundary relaxation evolves according to

δ̇j,i = Proj[0,δ̄j ]

(
δj,i,−λδ,jδj,i + cδ,j

(
1 − χ̂j,i

)
+ vδ,j,i

)
, j ∈ {x, y}, (69)

where λδ,j > 0 is the natural recovery rate, cδ,j > 0 quantifies the effect of estimated
capability deficiency, and vδ,j,i is the coordination adjustment.

The lateral recovery-intensity state evolves as

σ̇y,i = Proj[0,σ̄y,i ]

(
σy,i,−λσ,iσy,i + cσ1,iρy,i + cσ2,i

(
1 − χ̂y,i

))
, (70)
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where λσ,i > 0, cσ1,i > 0, and cσ2,i > 0. This dynamic equation avoids impulsive
lateral-recovery switching and retains a short memory of recent lateral difficulty and
capability shortage.

For prediction, the slow layer uses a reduced-order model rather than the full fast
closed-loop dynamics. The slow coordinator is a bounded performance scheduler; high-
bandwidth stabilization and executable-boundary invariance are supplied by the fast layer.
Using Euler discretization with the sampling period Ts, the reduced-order prediction model
is written as

ex,i(k + 1) = ex,i(k) + Ts

[
−Fred

x,i (k) + R̂x,i(k)
]
,

ey,i(k + 1) = ey,i(k) + Ts

[
−Fred

y,i (k) + R̂y,i(k)
]
,

zθ,i(k + 1) = zθ,i(k) + Ts

[
−Fred

θ,i (k) + R̂θ,i(k)
]
,

δx,i(k + 1) = Π[0,δ̄x ]

(
δx,i(k) + Ts

[
−λδ,xδx,i(k) + cδ,x

(
1 − χ̂x,i(k)

)
+ vδ,x,i(k)

])
,

δy,i(k + 1) = Π[0,δ̄y ]

(
δy,i(k) + Ts

[
−λδ,yδy,i(k) + cδ,y

(
1 − χ̂y,i(k)

)
+ vδ,y,i(k)

])
,

σy,i(k + 1) = Π[0,σ̄y,i ]

(
σy,i(k) + Ts

[
−λσ,iσy,i(k) + cσ1,iρy,i(k) + cσ2,i

(
1 − χ̂y,i(k)

)])
.

(71)

Here, Π[a,b](·) denotes the static projection onto [a, b].
The reduced-order stabilizing terms are selected consistently with the bounded fast-

layer feedback:
Fred

x,i =
[
kx,i(χ̂x,i) + βx

]
tanh(ζx,i), (72)

Fred
θ,i = kθ,i(χ̂θ,i) tanh(λθzθ,i) + βzrθ,i tanh

(
zθ,i

rθ,i

)
, (73)

and
Fred

y,i = ϕ
y,i

tanh(ζy,i). (74)

The term Fred
y,i represents a conservative inward lateral effect induced by the virtual-heading

law within the heading-support tube. The quantities R̂x,i, R̂y,i, and R̂θ,i are estimated
conservative mismatch indicators held constant over the prediction horizon. A typical
implementable choice is

R̂j,i(k) = cR,jD̂j,i(k), cR,j > 0, j ∈ {x, y, θ}. (75)

The objective function is

Ji(k) = Jr,i(k) + Ju,i(k) + Jc,i(k). (76)

The recovery component is

Jr,i =
Np−1

∑
p=0

[
qδxδ2

x,i(p|k) + qδyδ2
y,i(p|k) + qexe2

x,i(p|k) + qeye2
y,i(p|k) + qθz2

θ,i(p|k)
]
. (77)

The lateral-urgency component is

Ju,i =
Np−1

∑
p=0

[
qρρ2

y,i(p|k) + qσσ2
y,i(p|k)

]
. (78)
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The coordination-conservatism component is

Jc,i =
Nc−1

∑
p=0

[
wδxv2

δ,x,i(p|k) + wδyv2
δ,y,i(p|k) + wθ∆θ̄2

i (p|k)
]

+
Nc−1

∑
p=0

ρcκ̂i(k)

[( |v̂c,i(p|k)| − v̄safe

vscale

)2

+
+

( |ω̂c,i(p|k)| − ω̄safe

ωscale

)2

+

]
,

(79)

where (s)+ = max{s, 0}, v̄safe and ω̄safe are safety thresholds, and

vscale := vmax − vmin, ωscale := ωmax. (80)

The predicted command indicators v̂c,i and ω̂c,i are obtained by evaluating the bounded
fast-layer command laws Equations (57) and (58) along the reduced-order predicted states,
with residual-load indicators frozen at their current values.

The residual-dependent weight is defined as

κ̂i(k) = κ0 + κdx D̂x,i(k) + κdy D̂y,i(k) + κdθ
D̂θ,i(k), κ0, κdx , κdy , κdθ

> 0. (81)

Thus, command-margin depletion is penalized more strongly when the estimated residual
burden is large.

The slow-layer coordination is subject to the executable-boundary constraints

|hx(ex,i)| ≤ µnom
x,i + δx,i, |hy(ey,i)| ≤ µnom

y,i + δy,i, (82)

the relaxation bounds
0 ≤ δx,i ≤ δ̄x, 0 ≤ δy,i ≤ δ̄y, (83)

the admissible transformation-domain bound

µnom
j,i + δj,i ≤ µ̄j,i < 1, j ∈ {x, y}, (84)

the heading-support tube constraint

|zθ,i| ≤ rθ,i, (85)

the recovery-intensity constraint
0 ≤ σy,i ≤ σ̄y,i, (86)

and the coordination-input constraints

|vδ,j,i| ≤ v̄δ,j, |∆θ̄i| ≤ θ̄∆, 0 < θ̄0,i + ∆θ̄i ≤ θ̄max. (87)

The slow predictive coordination problem solved at each sampling instant k is

min
Ui(k)

Ji(k)

s.t. prediction model Equation (71),

constraints Equations (82)–(87),

Xi(0|k) = Xi(k),

(88)

where
Ui(k) = {uc,i(0|k), uc,i(1|k), . . . , uc,i(Nc − 1|k)} (89)
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is the coordination-input sequence, Np is the prediction horizon, Nc ≤ Np is the coordina-
tion horizon, and the input is held constant for p ≥ Nc.

The slow predictive coordinator is used as a bounded performance-scheduling and
recovery-coordination mechanism. It is implemented periodically with sampling period
Ts > 0. Between two consecutive updates, the coordination variables are applied through
zero-order hold.

At each update instant, if the optimization problem Equation (88) is feasible, only the
first optimized coordination input is applied. The resulting update is followed by projection
and saturation operators, so that the admissibility constraints in Equations (26) and (27) are
satisfied at all times. If the optimization problem is infeasible or temporarily unavailable,
no recursive-feasibility claim is invoked. Instead, the coordinator applies an admissibility-
preserving fallback rule: the previously applied admissible coordination values are first
held by zero-order hold; if such values are unavailable or violate the rate limits, the
recovery inputs are reset to conservative bounded values and then passed through the
same projection, saturation, and rate-limiting operators. This fallback may slow nominal-
boundary recovery, but it preserves Equations (26) and (27), which are the conditions
required by the fast-layer invariance proof.

The recovery of the executable boundary is promoted through the relaxation dynamics
Equation (69). Specifically, if the estimated capability is sufficiently high and the recovery
action satisfies

vδ,j,i(t) ≤ −c̄δ,j + (λδ,j − λδ,j)δj,i(t), cδ,j(1 − χ̂j,i) ≤ c̄δ,j, (90)

with 0 < λδ,j < λδ,j, then
δ̇j,i(t) ≤ −λδ,jδj,i(t) (91)

in the projected-vector-field sense. Thus, once sufficient maneuvering capability is restored
and recovery-oriented admissible actions are selected, the relaxation variables decay and
the executable boundary is recovered toward the nominal boundary.

3.3. Adaptive Neural Residual-Information Layer

The adaptive residual-information layer supports the fast and slow layers by pro-
viding implementable residual information. It does not replace the model-based control
backbone. Instead, it produces two complementary outputs: adaptive matched residual
estimates m̂x,i and m̂θ,i for the longitudinal and heading-support channels and conserva-
tive residual-load indicators D̂x,i, D̂y,i, and D̂θ,i for capability assessment and slow-layer
recovery coordination.

For each follower i, let sNN
i collect the measurable tracking errors, heading-support

variables, applied inputs, previous command-margin indicators, and boundary-relaxation
variables. The equivalent residual quantities are introduced at the analysis level as

mx,i(t) = ėx,i(t)− ̂̇enom
x,i (t), my,i(t) = ėy,i(t)− ̂̇enom

y,i (t), mθ,i(t) = żθ,i(t)− ̂̇znom
θ,i (t), (92)

where ̂̇enom
x,i , ̂̇enom

y,i , and ̂̇znom
θ,i denote nominal model-based predictions generated from the

known fast-layer structure.
For the matched longitudinal and heading-support channels, the adaptive neural

approximators are defined as

m̂x,i = Ŵ⊤
x,iΦx,i(sNN

i ), m̂θ,i = Ŵ⊤
θ,iΦθ,i(sNN

i ), (93)

where Φx,i(·) and Φθ,i(·) are bounded neural basis vectors, and only the output-layer
weights Ŵx,i and Ŵθ,i are adapted online. This preserves the standard linear-in-the-
parameters structure required for Lyapunov-based adaptive analysis.
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The parameter estimation errors are defined as

W̃x,i = W∗
x,i − Ŵx,i, W̃θ,i = W∗

θ,i − Ŵθ,i. (94)

For use in the adaptive laws, define the longitudinal transformation gain

ax,i(t) :=
κx sech2(κxex,i(t))
µact

x,i (t)
(
1 − ĕ2

x,i(t)
) . (95)

The adaptive update directions are defined as

τx,i = ΓxΦx,i(sNN
i )ax,iζx,i − σxΓxŴx,i, (96)

and
τθ,i = ΓθΦθ,i(sNN

i )zθ,i − σθΓθŴθ,i. (97)

The adaptive laws are
˙̂Wx,i = ProjΩx

(
Ŵx,i, τx,i

)
,

˙̂Wθ,i = ProjΩθ

(
Ŵθ,i, τθ,i

)
,

(98)

where Γx = Γ⊤
x > 0, Γθ = Γ⊤

θ > 0, σx > 0, and σθ > 0. These update laws depend
only on measurable regressors, transformed errors, heading-support error, and the current
parameter estimates. They do not require direct measurement of mx,i, mθ,i, ėx,i, or żθ,i.

For a generic compact projection set of the form

ΩW = {Ŵ ∈ Rq : ∥Ŵ∥ ≤ Wmax}, (99)

the projection operator is given by

ProjΩW
(Ŵ, τ) =



τ, ∥Ŵ∥ < Wmax,

τ, ∥Ŵ∥ = Wmax, Ŵ⊤τ ≤ 0,(
I − ŴŴ⊤

∥Ŵ∥2

)
τ, ∥Ŵ∥ = Wmax, Ŵ⊤τ > 0.

(100)

In the actual adaptive laws,

Ωx = {Ŵx ∈ Rqx : ∥Ŵx∥ ≤ Wx,max}, Ωθ = {Ŵθ ∈ Rqθ : ∥Ŵθ∥ ≤ Wθ,max}. (101)

The projection operator guarantees that if Ŵ(0) ∈ ΩW , then Ŵ(t) ∈ ΩW for all t ≥ 0.
Moreover, for W̃ = W∗ − Ŵ, it satisfies

W̃⊤Γ−1
[
ProjΩW

(Ŵ, τ)− τ
]
≤ 0. (102)

The lateral residual is handled differently. Since ey,i is not directly actuated, no adap-
tive neural cancellation term is introduced for the lateral channel. Nevertheless, the lateral
channel may still contribute to capability degradation. Therefore, the residual-information
layer generates a non-compensating lateral residual-load indicator from measurable predic-
tion mismatch. At sampling instants tℓ, define

ιy,i(tℓ) =
∣∣∣∣ ey,i(tℓ)− ey,i(tℓ−1)

tℓ − tℓ−1
− ̂̇enom

y,i (tℓ−1)

∣∣∣∣. (103)
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The resulting quantity is an implementable finite-difference residual-load indicator, not a
direct measurement of the true residual my,i.

The residual-load indicators are constructed with explicit saturation:

D̂x,i(t) = sat[0,D̄x ]

(
d0,x + αD,x max

τ∈[t−Tw ,t]
|m̂x,i(τ)|

)
,

D̂θ,i(t) = sat[0,D̄θ ]

(
d0,θ + αD,θ max

τ∈[t−Tw ,t]
|m̂θ,i(τ)|

)
,

D̂y,i(t) = sat[0,D̄y ]

(
d0,y + αD,y max

τ∈[t−Tw ,t]
ιy,i(τ)

)
,

(104)

where Tw > 0 is the residual-envelope window length, d0,j > 0 are baseline robustness
margins, αD,j ≥ 1 are inflation factors, and D̄j > 0 are design upper bounds. The symbol
Tw is used for the time window to avoid confusion with the adaptive weight estimates Ŵ.
This construction suppresses instantaneous estimation fluctuations, provides conservative
residual-load information for capability assessment, and prevents excessively large or noisy
residual indicators from destabilizing the scheduling layer.

Let deq
x,i(t), deq

y,i(t), and deq
θ,i(t) denote the bounded residual terms that remain in the

closed-loop error dynamics after applying the nominal feedback and adaptive compensation.

Assumption 4. The equivalent residual remainders entering the closed-loop analysis are bounded
on the admissible operating domain. Specifically, for each follower i, there exist finite positive
constants d̄eq

x,i, d̄eq
y,i, and d̄eq

θ,i such that

|deq
x,i(t)| ≤ d̄eq

x,i, |deq
y,i(t)| ≤ d̄eq

y,i, |deq
θ,i(t)| ≤ d̄eq

θ,i. (105)

The detailed stability, forward-invariance, boundedness, and conditional-recoverability
properties of the proposed CAEBR controller are established in Appendix A.

4. Simulation Studies
In this section, CAEBR is compared with representative baselines selected from the

mechanism-level and recent fixed-wing formation-control families identified in the litera-
ture review: a prescribed-performance control method (PPC), a prescribed-time prescribed-
performance variant (PT-PPC), a disturbance-observer-based robust controller (DOB), a
recent finite-time extended-state-observer fixed-wing consensus baseline (FT-ESO), and
a model predictive controller (MPC). PPC represents fixed prescribed-boundary enforce-
ment, PT-PPC represents prescribed-time single-envelope enforcement, DOB represents
robust residual-compensated tracking, FT-ESO represents a recent fixed-wing finite-time
observer/consensus design, and MPC represents optimization-based constrained tracking
with soft constraints. PT-PPC and FT-ESO are included in the Scenario 1 nominal-tracking
comparison, the Scenario 2 saturated-recovery comparison, and the Scenario 3 6-DoF
command-execution comparison. Scenario 2 remains the principal stress test because
it directly examines whether a prescribed-time or observer-based fixed-wing formation
controller can replace capability-aware executable-boundary recovery under saturation
and large initial deviations. These baselines are not claimed to cover every existing fixed-
wing formation controller; instead, they provide mechanism-level and recent fixed-wing
comparators for evaluating whether CAEBR contributes beyond prescribed-performance
tracking, prescribed-time single-envelope tracking, disturbance compensation, finite-time
ESO-based consensus tracking, and conventional soft-constrained receding-horizon control.
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Within each reported comparison, the included controllers use the same leader–follower
geometry, tracking-error definitions, actuator saturation limits, disturbances, and initial
conditions. This benchmark selection is intended to balance reviewer-facing breadth with
reproducibility. Fully reproducing multiple recent fixed-wing state-of-the-art controllers
would require controller-specific fault models, event-triggering or communication pro-
tocols, aerodynamic/inner-loop assumptions, and parameter-selection rules that are not
identical to the present deadline-boundary executability setting. Therefore, the comparison
combines mechanism-level baselines that isolate the competing control ideas with one
recent fixed-wing ESO/consensus baseline implemented under the same outer-loop com-
mand interface. The resulting benchmark set is used to test whether CAEBR contributes
a distinct capability-aware executable-boundary recovery function, rather than to claim
exhaustive dominance over all modern fixed-wing formation controllers.

4.1. Compared Control Schemes
4.1.1. PPC Controller

For each channel, the normalized and transformed errors are defined as

ξν,i =
eν,i

ρν,i(t)
, εν,i = artanh(ξν,i), ν ∈ {x, y, θ}, (106)

where ρν,i(t) denotes a standard exponentially decaying prescribed-performance function.
Since the lateral motion of the fixed-wing follower is not directly actuated, the PPC baseline
uses a bounded virtual-heading command:

θPPC
v,i = −θ̄i tanh

(
kppc

y,i εy,i

)
. (107)

For a fair comparison, the same filtered heading-support structure is adopted:

τψψ̇PPC
i + ψPPC

i = θPPC
v,i , zPPC

θ,i = ψPPC
i − ηi. (108)

The speed and turn-rate commands are selected as

vPPC
c,i = v0 cos ηi − kppc

x,i tanh(εx,i), (109)

and
ωPPC

c,i = ω0 − ψ̇PPC
i − kppc

θ,i tanh(εθ,i). (110)

The final applied inputs are saturated by the same actuator limits used for all methods.

4.1.2. Prescribed-Time Prescribed-Performance Controller (PT-PPC)

To strengthen the comparison with a mechanism-close prescribed-time baseline, a
simplified prescribed-time prescribed-performance controller is added as an advanced
single-envelope baseline. This controller follows the prescribed-time fixed-wing tracking
idea in which the user specifies a convergence deadline T⋆ and the feedback intensity
is increased before that time [26,27]. For implementation consistency with the present
kinematic formation model, PT-PPC uses the same normalized transformed errors as PPC,
but multiplies the feedback channels by a bounded prescribed-time gain

gT(t) =

min
{

1 +
aT(t/T⋆)2

ϵT + 1 − t/T⋆
, ḡT

}
, t < T⋆,

1, t ≥ T⋆,
(111)
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where aT > 0, ϵT > 0, and ḡT > 1 keep the prescribed-time gain bounded under
actuator saturation. The PT-PPC speed, virtual-heading, and turn-rate commands are
implemented as

vPT
c,i = v0 cos ηi − kPT

x,i tanh(gT(t)εx,i), (112)

θPT
v,i = −θ̄PT

i tanh
(

kPT
y,i gT(t)εy,i

)
, (113)

and
ωPT

c,i = ω0 − ψ̇PT
i − kPT

θ,i tanh
(

λPT
θ gT(t)zPT

θ,i

)
. (114)

The final commands are saturated by the same vmin, vmax, and ωmax limits as the other
controllers. Unlike CAEBR, PT-PPC still enforces a single prescribed envelope and does not
generate an online executable boundary or a relaxation-recovery state. It therefore provides
a direct test of whether simply strengthening a prescribed-time prescribed-performance
envelope can replace capability-aware boundary relaxation in nominal, saturated-recovery,
and 6-DoF command-execution cases.

4.1.3. DOB Controller

The lateral channel is handled through a bounded virtual-heading command:

θDOB
v,i = −θ̄i tanh

(
kDOB

y,i ey,i

)
, (115)

together with the same filtered heading-support definition:

τψψ̇DOB
i + ψDOB

i = θDOB
v,i , zDOB

θ,i = ψDOB
i − ηi. (116)

The DOB speed and turn-rate commands are given by

vDOB
c,i = v0 cos ηi − kDOB

x,i ex,i − ρDOB
x,i tanh

(
d̂eq

x,i

d0
x,i

)
, (117)

and

ωDOB
c,i = ω0 − ψ̇DOB

i − kDOB
θ,i zDOB

θ,i − ρDOB
θ,i tanh

(
d̂eq

θ,i

d0
θ,i

)
. (118)

The final applied inputs are saturated by the same actuator limits used for all methods.

4.1.4. Finite-Time ESO Fixed-Wing Consensus Baseline (FT-ESO)

To benchmark against a recent fixed-wing formation-control design rather than only
mechanism-level baselines, an additional finite-time ESO consensus-style baseline is im-
plemented based on the fixed-wing UAV formation controller of Yu et al. [20]. The orig-
inal method combines a distributed finite-time extended-state observer, event-triggered
communication, and composite anti-disturbance consensus control. For implementation
consistency with the present leader–follower outer-loop interface, the baseline is adapted
as a simplified FT-ESO controller that uses the same relative-error variables, the same
speed and turn-rate command limits, and the same filtered heading-support structure as
the other baselines. It should therefore be read as an implementation-consistent modern
fixed-wing observer/consensus baseline, not as a full reproduction of the event-triggered
3-D controller in [20].
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The finite-time observer correction is implemented with sigα(s) = sgn(s)|s|α, where
0 < α < 1. For the longitudinal and heading-support channels, the observer states satisfy

˙̂ex,i = −kx0 êx,i + d̂x,i + lx1 sigα1
(ex,i − êx,i),

˙̂dx,i = lx2 sigα2
(ex,i − êx,i),

˙̂zθ,i = −kθ0ẑθ,i + d̂θ,i + lθ1 sigα1
(zθ,i − ẑθ,i),

˙̂dθ,i = lθ2 sigα2
(zθ,i − ẑθ,i).

(119)

The resulting speed and turn-rate commands use finite-time sign-power feedback and
disturbance compensation,

vFT
c,i = v0 cos ηi − ω0(∆xi sin ηi + ∆yi cos ηi) + kFT

x,i sigβx
(ex,i) + kFT

xℓ,iex,i + d̂x,i,

ωFT
c,i = ω0 − ψ̇FT

i − kFT
θ,i sigβθ

(zFT
θ,i )− kFT

θℓ,iz
FT
θ,i − d̂θ,i.

(120)

The lateral channel is guided by a bounded virtual heading θFT
v,i = −θ̄FT

i tanh(kFT
y,i sigβy

(ey,i)).
Unlike CAEBR, FT-ESO does not generate an executable boundary, a relaxation state, or a
capability-aware recovery schedule.

4.1.5. MPC Controller

The MPC baseline is implemented as a soft-constrained receding-horizon tracker
using the same fixed-wing relative-error kinematics, filtered heading-support variable, and
actuator saturation model as the other controllers. For compact notation, the tracking-error
components of its local discrete prediction model are written as

ei(k + 1) = Aiei(k) + Biui(k) + Giwi(k), (121)

where

ei(k) =

ex,i(k)
ey,i(k)
zθ,i(k)

, ui(k) =

[
vc,i(k)
ωc,i(k)

]
, (122)

and wi(k) denotes a bounded leader-motion and disturbance-mismatch term. The matrices
Ai and Bi are obtained from the Euler-discretized local prediction model around the current
measured state and the previous command, and are updated at every MPC sampling instant.
The implementation also propagates the applied-speed and applied-turn-rate actuator
states when evaluating input saturation and command-increment limits; Equation (121)
only reports the tracking-error components used to define the main state weights. At each
sampling instant, the following finite-horizon cost function is minimized:

Ji =
Np−1

∑
j=0

[
e⊤i (k + j|k)Qei(k + j|k) + u⊤

i (k + j|k)Rui(k + j|k)
]

+ e⊤i (k + Np|k)Pei(k + Np|k) + λϵ

Np−1

∑
j=0

∥ϵi(k + j|k)∥1,

(123)

where Q, R, and P are diagonal positive definite weighting matrices, and ϵi denotes the
nonnegative soft-constraint violation vector for ex,i, ey,i, and zθ,i. The terminal weight P
is used as a diagonal terminal penalty selected together with the stage weights; it is not
used as an unreported terminal-set certificate, and no recursive-feasibility guarantee is
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claimed for this baseline MPC. The optimization is subject to the same input bounds used
by CAEBR,

vmin ≤ vc,i(k + j|k) ≤ vmax, −ωmax ≤ ωc,i(k + j|k) ≤ ωmax, (124)

as well as input-increment constraints and soft constraints on ex,i, ey,i, and zθ,i. In all
simulations, the MPC sampling period is TMPC = 0.10 s, the prediction horizon and control
horizon are Np = 12 and Nc = 4, respectively, and the last optimized command is held
constant in the prediction for j ≥ Nc. The first optimized input is applied according to the
receding-horizon principle: [

vMPC
c,i (k)

ωMPC
c,i (k)

]
= u⋆

i (k|k). (125)

4.2. Simulation Setup and Evaluation Metrics

A leader–follower formation consisting of one leader and three followers is considered.
The leader is initialized as

(x0(0), y0(0), θ0(0)) = (0, 0, 0). (126)

The desired formation offsets in the leader body frame are selected as

pd,1 = (−25,−20) m, pd,2 = (−25, 20) m, pd,3 = (−50, 0) m. (127)

For a fair comparison, the controllers included in each scenario are evaluated using the
same formation offsets, leader trajectory, input saturation limits, disturbance profiles, and
initial conditions. The control inputs are subject to the same speed and turn-rate constraints
for all methods included in that scenario. The baseline parameters are tuned once for each
scenario and then kept fixed over the full trajectory, without time-segment-dependent
retuning. The common comparison metrics are the tracking RMSE, nominal-boundary
violation ratio, final nominal re-entry time, heading-support RMSE, and heading-tube
violation ratio. The executable-boundary exceedance metric is reported separately because
only CAEBR generates the online executable boundary µact

j,i ; the baseline controllers are
therefore compared against the same nominal deadline boundary and heading-support
tube within their corresponding scenarios.

To make the parameter selection reproducible, the following tuning protocol is used.
For each scenario, the deadline parameters, actuator limits, leader trajectory, disturbance
profile, and initial conditions are fixed before controller tuning. For CAEBR, the relaxation
budgets, recovery rates, and heading-authority limits are first selected to satisfy initial
executable-boundary feasibility and the actuator-compatible inward conditions used in the
analysis; the feedback gains are then increased within the saturation margins until nominal
tracking improves without persistent input saturation. For the included PPC, PT-PPC, DOB,
FT-ESO, and MPC baselines, the gains or weights are tuned over the same scenario to obtain
stable nondivergent tracking, reduce tracking RMSE and nominal-boundary violation, and
avoid excessive input chattering. After this one-time scenario-level tuning, no controller
is retuned according to time segments or intermediate trajectory observations. Therefore,
differences in numerical parameters reflect the different controller structures and design
variables rather than different test conditions.

For CAEBR, the most sensitive recovery parameters are the relaxation budgets δ̄j and
the recovery rates λδ,j. The budgets are selected before feedback-gain tuning, because
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they determine whether the executable boundary can be initialized and kept inside the
admissible transformed-error domain. A practical lower bound is

δ̄j ≥ max
i

[
|hj(ej,i(0))| − µnom

j,i (0)
]
+
+ ε j, j ∈ {x, y}, (128)

with a small design margin ε j > 0, while the upper bound must keep µnom
j,i (t) + δ̄j below

one with margin. Increasing δ̄j improves executable-boundary feasibility during severe
saturation or large initial errors, but it can increase the recorded nominal-boundary violation
and delay final nominal re-entry. Decreasing δ̄j gives a tighter mission-level response, but
may make the initial or transient executable boundary infeasible.

After the relaxation budget is fixed, λδ,j is selected according to the desired nominal-
boundary recovery time. From the conditional recovery estimate in the analysis, a target
decay from δj(tr) to a small tolerance δj,tol over Trec,j suggests

λδ,j ≳
1

Trec,j
ln

δj(tr)

δj,tol
, (129)

subject to the actuator-compatible inward conditions and the rate limits of the slow coor-
dinator. A larger λδ,j accelerates recovery toward the nominal boundary when sufficient
maneuvering capability returns, whereas an excessively large value can force aggressive
re-entry commands and increase input saturation. The normalization constants ax, ay, aθ

are chosen near the expected residual-load scale: smaller values make the capability indices
more conservative, while larger values make the recovery schedule less sensitive to residual
estimates. The fast-layer gains kν,min and kν,max, the heading-priority parameters αθ , βθ , κσ,
and the heading-authority limit θ̄max are then increased only within the available speed,
turn-rate, bank-angle, and load-factor margins. The projection radii Wx,max and Wθ,max are
selected large enough to contain the expected residual-model weights but finite enough
to prevent estimator drift, and the horizons Np, Nc are chosen as the shortest horizons
that still cover the dominant recovery transient without exceeding the available onboard
computation time. These sensitivity trends were used to select the reported implementation
values; therefore, the selected values represent a conservative feasible tuning rather than
an offline optimal parameter set.

The deadline-oriented parameters used in Scenario 1 are listed in Table 1. Scenario 2
uses a saturated-recovery setting with modified boundary and heading-tube parameters,
which are stated in the corresponding scenario description.

Table 1. Deadline-oriented simulation parameters for Scenario 1.

Parameter Value Description

T⋆ 20 s Desired deadline
rx,i 1.0 m Terminal longitudinal error bound
ry,i 0.8 m Terminal lateral error bound
rθ,i 0.12 rad Heading-support tube radius
κx 0.22 Longitudinal transformation parameter
κy 0.25 Lateral transformation parameter

µ0
x,i 0.80 Initial longitudinal boundary

µ0
y,i 0.78 Initial lateral boundary
ℓx 2 Longitudinal boundary shaping parameter
ℓy 2 Lateral boundary shaping parameter
Tf 90 s Simulation horizon

The following metrics are used for quantitative evaluation.
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The averaged longitudinal and lateral tracking errors are evaluated by

RMSEx =
1

N f

N f

∑
i=1

√
1
T

∫ T

0
e2

x,i(t) dt, RMSEy =
1

N f

N f

∑
i=1

√
1
T

∫ T

0
e2

y,i(t) dt. (130)

The averaged nominal-boundary violation is defined as

Γ̄nom,j =
1

N f

N f

∑
i=1

1
T

∫ T

0

[
|hj(ej,i(t))| − µnom

j,i (t)
]
+

1 − µnom
j,i (t)

dt, j ∈ {x, y}, (131)

where [s]+ = max{s, 0}.
The CAEBR-specific executable-boundary exceedance metric is defined as

BVexec
j,i =

1
Tf

∫ Tf

0

(
|hj(ej,i(t))| − µact

j,i (t)
)
+

dt, j ∈ {x, y}. (132)

Since µact
j,i is generated only by CAEBR, BVexec

j,i is used as a CAEBR-specific executable-
feasibility certificate rather than as a common metric imposed on all baselines. The common
boundary-related metric for all controllers is the nominal-boundary violation ratio in
Equation (131).

The averaged final re-entry time is used to evaluate how quickly the tracking error
re-enters the nominal deadline boundary after a temporary violation:

t̄re,j =
1

N f

N f

∑
i=1

inf
{

τ ∈ [0, T] : |hj(ej,i(t))| ≤ µnom
j,i (t), ∀t ∈ [τ, T]

}
, j ∈ {x, y}. (133)

In capability-limited scenarios, Γ̄nom,j and t̄re,j describe recovery with respect to the
mission-level nominal boundary, whereas BVexec

j,i measures whether the boundary actually
enforced by CAEBR is violated. Therefore, these metrics should be interpreted jointly: a
conservative executable-boundary relaxation may increase nominal-boundary violation or
delay final nominal re-entry while still preserving the enforceable boundary.

For the heading-support channel, the averaged heading-support RMSE is defined as

RMSEθ =
1

N f

N f

∑
i=1

√
1
T

∫ T

0
z2

θ,i(t) dt. (134)

The heading-support tube violation ratio is defined as

Γθi =
1

Tf

∫ Tf

0
1(|zθ,i(t)| > rθ,i) dt. (135)

The main controller settings of CAEBR and of the implemented baselines are sum-
marized in Table 2. The values in the table are the implementation settings used in the
comparative simulations. They should not be interpreted as unique solutions of the suf-
ficient theoretical inequalities. The theoretical conditions specify admissible ranges and
compatibility relations for executable-boundary invariance, heading-support bounded-
ness, and conditional recovery, whereas the reported numerical gains and weights are one
admissible implementation selected according to the tuning protocol above.
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Table 2. Main controller settings.

Method Core Gains/Weights Coordination or Guidance Settings

CAEBR kx : [1.90, 6.95], ky : [0.70, 1.52]
kθ : [1.25, 2.30]

Ts = 0.20, Np/Nc = 12/4
θ̄max = 0.389, δ̄x/δ̄y = 0.108/0.55

PPC kx = 2.43, ky = 0.87
kθ = 1.59

θ̄ = 0.22
τψ = 0.35

PT-PPC kx = 2.40, ky = 0.88
kθ = 1.80

aT/ḡT/ϵT = 0.75/2.30/0.26
θ̄ = 0.235, τψ = 0.34

DOB kx = 1.41, ky = 0.43
kθ = 2.46

lx = 6.21/9.36, lθ = 6.26/15.57
θ̄ = 0.25, τψ = 0.38

Table 2. Cont.

Method Core Gains/Weights Coordination or Guidance Settings

FT-ESO kx = 1.28, ky = 0.40
kθ = 2.15

lx = 7.60/15.00, lθ = 7.80/17.50
θ̄ = 0.235, τψ = 0.36

MPC qx/qy/qθ = 2.69/2.10/5.39
rv/rω = 0.11/0.58

Np/Nc = 12/4
∆vmax/∆ωmax = 0.72/0.08

4.3. Scenario 1: Nominal Formation Tracking Under Sufficient Capability

Scenario 1 is designed to examine the nominal tracking behavior of the proposed
CAEBR controller when the formation task is feasible and sufficient maneuvering capa-
bility is available. In this case, the prescribed nominal performance boundary can be
enforced without activating substantial executable-boundary relaxation. Therefore, this
scenario is not intended to create a failure case for the baseline controllers. Instead, it
evaluates whether CAEBR can preserve nominal tracking accuracy, avoid unnecessary
conservatism, and maintain smooth formation evolution under mild disturbances and
adequate input authority.

The leader follows a smooth low-curvature S-turn:

v0(t) = 18 m/s,

θ0(t) = 0.18 sin(0.055t) + 0.07 sin(0.13t).
(136)

The followers are initialized with small deviations:

(x1, y1, θ1) = (−28,−20, 0.04),

(x2, y2, θ2) = (−23, 15,−0.03),

(x3, y3, θ3) = (−52, 3, 0.02).

(137)

Weak time-varying disturbances are applied:

dx,i = 0.25 sin(0.12t + ϕi),

dy,i = 0.20 cos(0.10t + ϕ̄i),

dθ,i = 0.015 sin(0.18t + ϕ̃i),

(138)

where ϕi, ϕ̄i, and ϕ̃i are fixed follower-dependent phases. The same phase values are used
for all compared controllers.
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The input constraints are

v ∈ [10, 30], |ω| ≤ 0.42. (139)

Figure 3 shows that all six controllers included in Scenario 1 successfully complete the
nominal formation-tracking task. Because the leader maneuver is smooth, the initial offsets
are small, and the actuator margins are sufficient, no controller exhibits loss of formation
or trajectory divergence. The added PT-PPC and FT-ESO baselines also produce bounded
nominal-case trajectories, indicating that the prescribed-time single-envelope design and
the observer/consensus-style design both remain feasible in this capability-sufficient setting.
The formation paths generated by CAEBR remain smooth and well organized throughout
the maneuver, without visible oscillatory deformation or excessive transient spreading.
Therefore, the proposed capability-aware structure does not degrade the nominal tracking
behavior when executable-boundary relaxation is not strongly required.

Figure 3. Formation trajectories in Scenario 1.

The representative responses in Figure 4 provide a more detailed comparison. In the
longitudinal transformed-error channel, PPC and DOB exhibit larger transient fluctua-
tions, while MPC, FT-ESO, and CAEBR regulate the transformed error rapidly. PT-PPC
follows the PPC-type response with a stronger prescribed-time feedback action and re-
mains stable without introducing boundary violation. CAEBR yields a smooth decay
profile and maintains a small residual level during the later stage of the maneuver. In
the lateral transformed-error channel, PPC produces a larger transient excursion, DOB
shows noticeable oscillatory behavior, and PT-PPC reduces the lateral error relative to PPC.
FT-ESO further improves the nominal lateral response relative to PPC and PT-PPC, but it
introduces a more oscillatory heading-support response than CAEBR. CAEBR keeps the
lateral transformed error close to zero for most of the simulation horizon and retains a
smoother heading-support response. The heading-support error remains bounded for all
methods in this nominal case.
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Figure 4. Error responses in Scenario 1. Panels (a–c) show the representative longitudinal tracking
error, lateral tracking error, and heading-support error, respectively.

Table 3 further confirms the nominal tracking performance. CAEBR achieves the small-
est lateral RMSE for Followers 1 and 2, with RMSEy values of 0.189 and 0.398, respectively,
while FT-ESO gives the smallest lateral RMSE for Follower 3 with a value of 0.511. This is
significant because the lateral channel is indirectly regulated through heading adjustment
and forward motion in fixed-wing formation tracking. PPC gives the largest lateral errors
for all followers, while DOB and PT-PPC improve the transient response but remain less
accurate than CAEBR or FT-ESO in this nominal case. The added FT-ESO baseline provides
a stronger observer-based comparison than DOB and obtains competitive nominal tracking,
but it still does not include executable-boundary relaxation or recovery scheduling. MPC
also remains a strong baseline in this scenario.

Table 3. Quantitative results for Scenario 1.

Follower Method RMSEx RMSEy Γnom
x Γnom

y

1

CAEBR 0.552 0.189 0 0
PPC 0.668 0.409 0 0
PT-PPC 0.652 0.344 0 0
DOB 0.559 0.362 0 0
FT-ESO 0.524 0.288 0 0
MPC 0.533 0.191 0 0

2

CAEBR 0.434 0.398 0 0
PPC 0.582 0.529 0 0
PT-PPC 0.567 0.495 0 0
DOB 0.439 0.472 0 0
FT-ESO 0.416 0.472 0 0
MPC 0.411 0.489 0 0

3

CAEBR 0.378 0.523 0 0
PPC 0.479 0.695 0 0
PT-PPC 0.483 0.632 0 0
DOB 0.467 0.572 0 0
FT-ESO 0.422 0.511 0 0
MPC 0.391 0.558 0 0
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In the longitudinal direction, CAEBR remains competitive but is not uniformly the
best. For the first two followers, MPC and FT-ESO obtain slightly lower longitudinal
RMSE values than CAEBR, whereas for the third follower, CAEBR achieves the smallest
longitudinal RMSE. These results show that CAEBR does not sacrifice nominal longitudinal
accuracy for robustness-oriented scheduling. Instead, it maintains competitive longitudinal
tracking while improving the more challenging lateral regulation for the first two followers
and preserving zero nominal-boundary violation.

For all methods and all followers, both Γnom
x and Γnom

y are zero. This confirms that
the nominal performance boundary is feasible throughout Scenario 1. Therefore, the main
distinction among the controllers in this capability-sufficient case lies in tracking accuracy
and response smoothness rather than boundary violation.

4.4. Scenario 2: Large Initial Deviation and Saturated Recovery

Scenario 2 is designed to evaluate the capability-aware recovery property of CAEBR
under large initial deviations, aggressive leader maneuvers, actuator saturation, and mod-
erate disturbances. In this case, the nominal deadline boundary may become temporarily
too demanding for the available fixed-wing maneuvering authority. The purpose of this
scenario is therefore to examine whether CAEBR activates the executable-boundary channel
during capability-limited intervals, how much nominal-boundary recovery can be obtained
after authority becomes available, and whether residual executable-boundary exceedance
remains when the selected relaxation budget is conservative.

A piecewise aggressive leader maneuver is used:

v0 = 18.2, ω0 = 0, 0 ≤ t < 10 s,

v0 = 18.0, ω0 = 0.28, 10 ≤ t < 18 s,

v0 = 17.4, ω0 = −0.30, 18 ≤ t < 28 s,

v0 = 18.2, ω0 = 0.24, 28 ≤ t < 40 s,

v0 = 17.8, ω0 = −0.22, 40 ≤ t < 54 s,

v0 = 18.6, ω0 = 0.10, 54 ≤ t < 66 s,

v0 = 18.8, ω0 = 0, 66 ≤ t ≤ 90 s.

(140)

The followers are initialized with large deviations:

(x1, y1, θ1) = (−18,−42, 0.45),

(x2, y2, θ2) = (−12, 36,−0.42),

(x3, y3, θ3) = (−32, 18, 0.36).

(141)

Disturbances are applied:

dx,i = 0.16 sin(0.10t + ϕi) + 0.08 sin(0.65t + ϕ̄i),

dy,i = 1.15 cos(0.08t + ϕ̄i) + 0.42 sin(0.78t + ϕi),

dθ,i = 0.036 sin(0.24t + ϕ̃i) + 0.014 sin(1.15t).

(142)

The same follower-dependent phase values are used for all compared controllers.
The input constraints are tightened to

v ∈ [16, 22], |ω| ≤ 0.30. (143)
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For this saturated-recovery scenario, the nominal-boundary and heading-tube parameters
are set to

rx = 1.10 m, ry = 1.35 m, rθ = 0.16 rad,

κx = 0.10, κy = 0.18, µ0
x = µ0

y = 0.92,

ℓx = 1.7, ℓy = 2.6.

Figure 5 shows the formation trajectories under the capability-limited maneuver.
Compared with Scenario 1, the large initial deviations, tighter input constraints, and
repeated leader turns generate a significantly more demanding recovery process. PPC,
PT-PPC, and DOB can track the leader trajectory, but their follower paths exhibit larger
transient spreading. PT-PPC slightly improves the path response relative to the ordinary
PPC baseline, but it still operates as a single prescribed-time envelope without capability-
aware relaxation. The added FT-ESO baseline provides a modern observer/consensus
comparison in the same saturated-recovery setting; it improves the longitudinal RMSE
relative to CAEBR but does not generate an executable boundary. MPC improves path
regularity and reduces the longitudinal tracking error more effectively than CAEBR in this
setting. CAEBR still produces a bounded recovery response and keeps the formation from
diverging, but the trajectory comparison should be interpreted as evidence of capability-
aware recovery rather than uniform trajectory optimality.

The quantitative results in Table 4 show a directional rather than uniform advantage.
CAEBR gives RMSEx = 12.67 and RMSEy = 8.97. Relative to PPC, the longitudinal and
lateral RMSE values are reduced by approximately 23.67% and 6.06%, respectively. Relative
to the added PT-PPC baseline, the corresponding reductions are 20.37% and 4.22%. In
the lateral channel, CAEBR also reduces the RMSE relative to DOB, FT-ESO, and MPC by
approximately 9.28%, 16.18%, and 28.21%, respectively. However, its longitudinal RMSE is
larger than those of DOB, FT-ESO, and MPC. The results therefore support the benefit of
capability-aware lateral recovery in this saturated scenario, but they do not indicate that
CAEBR is uniformly superior to all baselines in all tracking directions.

Figure 5. Formation trajectories in Scenario 2. Distinct line styles are used together with color coding
to improve black-and-white readability.
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Table 4. Quantitative results for Scenario 2.

Method
Tracking Error Nominal-Boundary Violation Executable-Boundary Exceedance Final Re-Entry Time Heading Tube

RMSEx RMSEy Γnom,x Γnom,y maxi BVexec
x,i maxi BVexec

y,i tre,x tre,y RMSEθ maxi Γθ,i

PPC 16.59 9.55 0.51 0.67 - - 42.26 53.07 0.12 0.23
PT-PPC 15.91 9.37 0.50 0.72 - - 41.63 45.08 0.13 0.26
DOB 10.59 9.89 0.46 0.63 - - 40.77 47.24 0.11 0.13
FT-ESO 11.73 10.71 0.49 0.65 - - 40.65 50.28 0.09 0.09
MPC 7.10 12.50 0.48 0.54 - - 42.55 46.71 0.45 0.66
CAEBR 12.67 8.97 0.52 0.64 0.37 0.35 38.38 35.55 0.07 0.005

Figures 6 and 7 further illustrate the mechanism behind this improvement. In Figure 6,
the relaxation variables δx and δy increase during the high-demand recovery intervals,
especially around and after the deadline T⋆ = 20 s; their formation-wise maxima reach ap-
proximately 0.108 and 0.541, respectively, while remaining below their selected admissible
budgets δ̄x = 0.108 and δ̄y = 0.55. The larger lateral relaxation is expected in this saturated
fixed-wing case because the lateral channel is indirectly regulated through heading and
forward motion, whereas the longitudinal relaxation is kept close to its smaller saturation-
compatible budget. This behavior indicates that CAEBR activates the executable-boundary
channel instead of forcing the nominal boundary when the prescribed transient require-
ment temporarily exceeds the available maneuvering capability. The resulting executable
boundary expands visibly above the nominal boundary during capability-limited intervals.
In Figure 7, the dash-dot curves are computed from the same relaxation variables according
to µact

j,i = µnom
j + δj,i. Therefore, the vertical difference between the executable and nominal

boundaries in each follower panel is consistent with the corresponding δx or δy curve in
the relaxation plot and diagnostic panel. Around the deadline, for example, the lateral
executable-boundary gap remains below the selected budget δ̄y = 0.55, which is consistent
with the maximum δy value of approximately 0.541. In the final straight-flight segment,
the lateral transformed errors decay and remain inside the enlarged executable boundary
after approximately 70 s, which removes the late-stage lateral exceedance observed in
the previous tuning. The relaxation is still interpreted as a finite mitigation-and-recovery
budget rather than as an unconditional feasibility envelope for all early severe transients.
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Figure 6. Relaxation and heading-support responses under CAEBR. Panels (a–c) show the longitudi-
nal relaxation, lateral relaxation, and heading-support tube responses, respectively. The relaxation
variables increase visibly during capability-limited intervals and decay as the executable boundary
recovers. Gray dotted vertical lines mark the leader turn-rate step times in Scenario 2, and the red
dotted line marks the prescribed deadline T⋆.

Figure 7. Boundary-tracking results under CAEBR. Panels (a–f) are arranged by follower and channel,
with the longitudinal channel in the left column and the lateral channel in the right column. Solid
curves denote transformed-error magnitudes, dashed curves denote nominal deadline boundaries,
and dash-dot curves denote executable-boundary levels computed from the nominal boundary plus
the corresponding relaxation variable, µact

j,i = µnom
j + δj,i. Hence, the vertical gap between each

dash-dot curve and its dashed nominal boundary is the corresponding relaxation variable shown in
the relaxation and diagnostic plots; the longitudinal and lateral columns use separate y-axis ranges to
improve readability.

Figure 8 provides the corresponding internal diagnostic signals. The formation-wise
capability indices decrease during the aggressive-turn and high-recovery-demand intervals,
indicating reduced available speed or heading authority and increased residual burden. At
the same time, the adaptive residual estimates and residual-load indicators remain bounded
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and vary with the maneuver demand, so the slow layer receives online information about
the current disturbance and compensation burden. The recovery scheduling variables δx,
δy, and ∆θ̄ are activated during these capability-limited intervals and remain bounded
throughout the simulation. The bounded but visibly activated amplitudes of δx and δy show
that the selected relaxation budget provides a moderate capability-aware mitigation channel
while still enforcing recovery toward the nominal boundary. These trends show that the
boundary relaxation and heading-authority adjustment are triggered by the capability
and residual information internally generated by CAEBR, rather than by an externally
prescribed time schedule.

Figure 8. Internal capability and residual diagnostics under CAEBR in Scenario 2. Panels (a–d) show
the capability indices, residual-load indicators, adaptive residual estimates, and recovery scheduling
variables, respectively. The capability indices are plotted as formation-wise minima over the three
followers, while the residual-load indicators, adaptive residual estimates, and recovery scheduling
variables are plotted as formation-wise maxima. Panel (d) reports the relaxation variables that define
the gap between the nominal and executable boundaries in the boundary-tracking figure.

Figure 7 shows that the executable boundary mitigates the capability gap but does
not fully eliminate boundary exceedance in this severe setting. The transformed-error
magnitudes are not fully contained during the early and middle high-demand intervals,
but the enlarged executable boundary contains the lateral response in the final straight-
flight segment. This is reflected in Table 4, where CAEBR gives

max
i

BVexec
x,i = 0.37, max

i
BVexec

y,i = 0.35.

Therefore, although the nominal deadline boundary is temporarily too restrictive, the
selected relaxation budget should be interpreted as a mitigating mechanism rather than
a complete executable-feasibility certificate for this severe case. The baseline controllers,
including PT-PPC and FT-ESO, do not generate capability-aware executable boundaries;
therefore, the executable-boundary exceedance metric is reported only for CAEBR.

This comparison provides an internal interpretation of the executable-boundary mech-
anism using the same CAEBR trajectory. If the response were judged only against the
nominal deadline boundary, the run would have nonzero nominal-boundary violation,
with Γnom,x = 0.52 and Γnom,y = 0.64. The executable-boundary channel partially re-
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duces the mismatch by temporarily enlarging the enforceable boundary when capability
is limited, but the nonzero executable-boundary exceedance shows that the available re-
laxation budget is still not sufficient to cover all transient demands. Conversely, a fixed
permanently enlarged boundary could reduce boundary exceedance only by abandoning
recovery toward the nominal deadline requirement. The bounded evolution of δx and
δy in Figure 6, together with the finite final re-entry times in Table 4, shows that CAEBR
performs capability-dependent relaxation and recovery rather than fixed relaxation. This
distinguishes CAEBR from nominal-only prescribed-boundary tracking, prescribed-time
single-envelope tracking, and conventional soft-constrained MPC in which the relaxation
variable is not used as an explicit closed-loop capability-recovery signal.

The nominal-boundary violation indices further clarify the recovery behavior. Since
the nominal deadline boundary is temporarily infeasible in Scenario 2, all controllers exhibit
nonzero nominal-boundary violation. CAEBR obtains

Γnom,x = 0.52, Γnom,y = 0.64.

These values are comparable to or larger than those of the baselines because CAEBR
explicitly records the intervals in which the nominal boundary is relaxed into an executable
boundary. Thus, the nominal-boundary violation ratio should be interpreted together
with the executable-boundary metric and the tracking RMSE rather than as an isolated
performance index in this capability-limited case. In terms of final re-entry, CAEBR gives

tre,x = 38.38 s, tre,y = 35.55 s.

These re-entry times remain shorter than those of the baselines, indicating that the bounded
relaxation-and-recovery channel is compatible with nominal-boundary re-entry after severe
transients. This benefit is accompanied by nonzero executable-boundary exceedance and
by a longitudinal RMSE that remains worse than those of DOB and MPC.

The heading-support results in Figure 6 and Table 4 show that the lateral recovery
action is not achieved by violating the heading-support tube. Under CAEBR, the heading-
support error remains below the tube radius throughout the simulation, giving

RMSEθ = 0.07, max
i

Γθ,i = 0.005.

By contrast, PPC, PT-PPC, DOB, FT-ESO, and MPC yield larger heading-support errors and
larger tube violation ratios. These results indicate that the priority-based lateral recovery
mechanism coordinates lateral correction with the available heading margin, while the
heading-support margin suppresses excessive heading correction near the tube boundary.

Overall, Scenario 2 demonstrates the main capability–performance coordination prop-
erty of CAEBR under a severe capability-limited maneuver. When the nominal deadline
boundary is temporarily beyond the available maneuvering capability, CAEBR activates a
bounded executable-boundary relaxation and improves lateral tracking relative to all five
baselines listed in Table 4. The retuned relaxation budget also removes the late straight-
flight lateral exceedance in Figure 7, so the remaining executable-boundary exceedance is
concentrated in the earlier high-demand recovery interval. However, the visible relaxation
amplitudes are still insufficient to fully cover all severe transients; therefore, the scenario
should be read as evidence for capability-aware coordination under a finite recovery budget,
not as proof that the selected executable boundary fully contains all severe transients. At
the same time, the nonzero executable-boundary exceedance and the weaker longitudinal
RMSE relative to DOB, FT-ESO, and MPC show that the present tuning does not provide
uniform dominance under this severe saturated-recovery case. These results support the
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usefulness of executable-boundary regulation and relaxation-recovery coordination for
deadline-guided fixed-wing UAV formation tracking, while also identifying the need for
careful relaxation-budget selection, task-level deadline adjustment, or further controller
refinement when complete executable-boundary satisfaction is required.

4.5. Ablation and Complexity Analysis in Scenario 2

To examine whether the proposed architecture is only a collection of redundant com-
ponents, an ablation study was conducted in Scenario 2, which is the principal capability-
limited stress test. All variants used the same leader trajectory, initial deviations, distur-
bance signals, actuator limits, nominal deadline boundary, and simulation horizon as the
full CAEBR run. The tested variants are: the full CAEBR controller; CAEBR without the
adaptive residual estimator, where only fixed conservative disturbance bounds are used;
CAEBR without the slow predictive coordination layer, where δx = δy = ∆θ̄ = 0 and
µact

j = µnom
j ; and CAEBR without the priority lateral recovery action, where the lateral

recovery and safety heading-correction terms in the fast layer are disabled.
Table 5 and Figure 9 show that the three main components have complementary

roles rather than only increasing controller complexity. The full-controller RMSE values
are computed from the same Scenario 2 run as the CAEBR row in Table 4 and therefore
match after rounding; the executable-boundary columns in Table 5 use formation-averaged
mean values for ablation comparison, whereas Table 4 reports worst-follower maximum
metrics for cross-method comparison. Removing the slow predictive coordination layer
eliminates the online executable-boundary relaxation and increases the formation-averaged
lateral executable-boundary violation from 0.073 to 0.329, while the maximum relaxation
amplitudes become zero. Removing the priority lateral recovery action mainly degrades
the lateral channel, increasing RMSEy from 8.974 to 9.792 and increasing the mean BVexec

y
from 0.073 to 0.098. Removing the adaptive residual estimator produces a smaller but still
visible loss of lateral robustness, increasing RMSEy from 8.974 to 9.385 and increasing the
mean BVexec

y from 0.073 to 0.083. The longitudinal RMSE of the residual-estimator ablation
is slightly lower than that of the full controller, so the ablation does not support a claim
of uniform improvement in every channel; instead, it indicates that the adaptive residual-
information layer mainly contributes to lateral robustness in this saturated recovery case.

Table 5. Ablation results in Scenario 2 under the same capability-limited setting. The columns
labelled mean executable-boundary violation report formation-averaged temporal mean values.
The full-controller row uses the same Scenario 2 run as the CAEBR row in Table 4; Table 4 reports
worst-follower maximum executable-boundary metrics, so the two BV columns are not numerically
interchangeable.

Variant RMSEx RMSEy Mean BVexec
x Mean BVexec

y Γθ max δx max δy

Full CAEBR 12.667 8.974 0.245 0.073 0.00296 0.108 0.541
w/o adaptive residual estimator 12.614 9.385 0.245 0.083 0.00304 0.108 0.540
w/o slow predictive coordination 13.098 8.960 0.322 0.329 0.00230 0.000 0.000
w/o priority lateral recovery 12.664 9.792 0.251 0.098 0.00341 0.108 0.542

From a complexity viewpoint, the fast layer is algebraic at each outer-loop control
update and only evaluates bounded transformed-error feedback, capability indices, and
residual-compensation terms for each follower. The adaptive residual-information layer
uses a fixed-size estimator and projection-limited residual envelopes, so its online cost is
bounded and independent of the simulation horizon after the estimator size is chosen. The
slow predictive coordination layer is the most expensive component because it is executed
at the slower period Ts = 0.20 s and updates the relaxation and heading-authority variables,
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but the ablation table and diagnostic figure show that this layer is also the component most
directly responsible for reducing executable-boundary violation. Therefore, the full CAEBR
architecture is more complex than the ablated variants, but the added complexity is tied
to identifiable functions: residual-load awareness, executable-boundary relaxation and
recovery, and priority lateral correction under heading and saturation limits.

Figure 9. Diagnostic comparison of the Scenario 2 ablation variants. Panels show (a) mean RMSE, (b)
formation-averaged mean executable-boundary violation, (c) maximum relaxation amplitude, and
(d) mean re-entry time under the same capability-limited setting as Table 5.

4.6. Scenario 3: Aerosonde-Class 6-DoF Engineering Validation

To further examine whether the outer-loop speed and turn-rate commands can be exe-
cuted by a higher-fidelity fixed-wing dynamic plant, Scenario 3 introduces an Aerosonde-
class six-degree-of-freedom engineering validation. The validation uses a 12-state rigid-
body fixed-wing plant with representative physical, aerodynamic, and propulsion parame-
ters. A common command-to-surface interface maps the outer-loop speed and turn-rate
commands to throttle, aileron, elevator, and rudder inputs. The same 6-DoF plant and the
same inner command interface are used for CAEBR, PPC, PT-PPC, DOB, FT-ESO, and MPC.

This scenario is designed as a moderately aggressive engineering coupling check.
Compared with the preliminary MPC-friendly check, the initial formation offsets and
leader excitation are increased so that the 6-DoF plant is evaluated under more demanding
command-execution conditions while still allowing all six methods to complete the run.
The simulation horizon is set to 80 s, the outer-loop update period is 0.10 s, the commanded
speed is constrained by v ∈ [23, 27] m/s, and the commanded turn rate is constrained by
|ω| ≤ 0.08 rad/s. The leader uses a 0.6 m/s speed modulation and piecewise turn-rate
commands of 0.025, −0.025, and 0.018 rad/s.

Figure 10 shows that all six controllers can be coupled to the Aerosonde-class 6-DoF
plant without trajectory divergence under the strengthened command envelope. Figure 11
adds compact summary diagnostics for tracking error, boundary and heading-tube viola-
tion, surface-deflection usage, command range, throttle range, and the MPC solver-success
rate. Table 6 further reports the corresponding tracking, boundary, actuator, and solver
metrics. In this stronger 6-DoF setting, CAEBR, PPC, PT-PPC, and DOB complete the
full simulation with zero nominal-boundary and executable-boundary violation. CAEBR
reduces the average longitudinal and lateral RMSE relative to PPC from 3.519/5.057 m to
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2.906/4.540 m, respectively. Relative to PT-PPC, CAEBR changes the corresponding values
from 3.404/4.696 m to 2.906/4.540 m, showing a modest improvement while retaining the
same zero-violation result. The FT-ESO baseline obtains lower longitudinal and lateral
RMSE than CAEBR in this 6-DoF setting, but it reaches the imposed surface-deflection
and speed-command limits and exhibits nonzero lateral nominal-boundary violation of
0.070. MPC also completes the run with a solver success rate of 0.990, but it reaches the
imposed surface-deflection and command limits and shows nonzero nominal-boundary,
executable-boundary, and heading-tube violation.

The results should be interpreted conservatively. DOB obtains the lowest average
RMSE in this strengthened 6-DoF setting, but it uses the full speed-command range and
a larger throttle range than CAEBR. FT-ESO also provides a strong observer-based com-
parison: it improves RMSE relative to CAEBR but does so with full command-range use,
surface-limit contact, and nonzero lateral boundary violation, whereas CAEBR keeps zero
nominal and executable-boundary violation with a smaller command range. The added
PT-PPC baseline behaves similarly to PPC in command-execution load and remains stable,
but it still relies on a single prescribed-time envelope rather than an executable-boundary
recovery mechanism. MPC remains executable but behaves as a high-activity baseline:
its mean turn-rate command is much larger than that of CAEBR, PPC, PT-PPC, DOB,
and FT-ESO, and its boundary and heading-support tube violations are summarized in
Figure 11. The summary diagnostics also show that FT-ESO and MPC operate closest to
the imposed surface-deflection and speed-command limits. Therefore, Scenario 3 is used
to support 6-DoF command-execution consistency of the outer-loop formation controllers
under a more demanding command envelope, rather than to claim uniform performance
dominance or flight-test-level validation.

Figure 10. Aerosonde-class 6-DoF engineering validation in Scenario 3. The shared legend above
panel (a) assigns colors to the six methods, while local inset legends identify the leader reference in
panel (a), the ex/ey channels in panel (b), the rθ reference limit in panel (c), and the command/airspeed
signals in panel (d). The panels show formation-centroid trajectories, mean absolute tracking errors,
mean absolute heading-support errors, and representative speed-command tracking errors for CAEBR,
PPC, PT-PPC, DOB, FT-ESO, and MPC under the same 6-DoF plant and command-to-surface interface.
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Figure 11. Summary diagnostics for the Aerosonde-class 6-DoF validation in Scenario 3. Panels (a–d)
report mean tracking errors, boundary/heading violation ratios, maximum surface deflection, and
command-execution load, respectively.

Table 6. Quantitative results for the Aerosonde-class 6-DoF engineering validation in Scenario 3.

Method RMSEx RMSEy Γnom,x/y Γact,x/y Γθ δmax (deg) ∆vc (m/s) MPC Success

CAEBR 2.906 4.540 0/0 0/0 0 32.845 2.115 –
PPC 3.519 5.057 0/0 0/0 0 33.774 1.618 –
PT-PPC 3.404 4.696 0/0 0/0 0 33.745 1.612 –
DOB 2.250 3.593 0/0 0/0 0.002 31.870 4.000 –
FT-ESO 2.253 4.173 0/0.070 0/0.070 0 35.000 4.000 –
MPC 2.833 8.030 0.022/0.256 0.022/0.256 0.432 35.000 4.000 0.990

5. Practical Implementation and Limitations
The simulations above validate the proposed control-layer mechanism under bounded

time-varying disturbances, input saturation, large initial deviations, aggressive leader
maneuvers, and the representative Aerosonde-class 6-DoF plant coupling considered in
Scenario 3. The disturbance signals in Scenarios 1 and 2 are designed to stress the executable-
boundary recovery mechanism and the indirect lateral regulation channel, while Scenario 3
checks whether the resulting outer-loop commands can be executed through a fixed-wing
rigid-body dynamic plant and a common command-to-surface interface. These results
should not be interpreted as complete atmospheric, hardware-in-the-loop, flight-test, or
hardware-timing validation. The present study does not include Dryden or von Karman tur-
bulence models, a validated model of the authors’ own airframe, high-fidelity actuator and
sensor dynamics, communication delays, hardware-in-the-loop tests, measured onboard
computation timing, or outdoor flight experiments. Therefore, the reported results should
be understood as simulation-based evidence for executable-boundary feasibility, condi-
tional nominal-boundary recovery, representative 6-DoF command-execution consistency,
and comparative tracking behavior.

The executable boundary should therefore be understood as a control-layer approxi-
mation of the enforceable transient-performance envelope. It is not claimed to be an exact
physical flight envelope obtained by solving a full 6-DoF reachable-set, aerodynamic-stall,
load-factor, actuator-rate, and wind-disturbance feasibility problem. A rigorous aircraft-
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specific derivation would require validated aerodynamic coefficients, actuator dynamics
and rate limits, inner-loop bandwidth, atmospheric uncertainty, and reachability or optimal-
control analysis. In the present work, these physical limits enter indirectly through the
speed and turn-rate saturation, coordinated-turn interpretation, residual-load indicators,
and 6-DoF command-execution check; therefore, the reported executable-boundary results
should be interpreted as control-layer feasibility evidence rather than a certified physical
maneuvering envelope.

From an implementation viewpoint, CAEBR assumes that a lower-level fixed-wing
autopilot tracks speed and turn-rate commands with sufficient bandwidth while enforcing
the specified saturation limits. The turn-rate limit used by the outer-loop controller should
be computed from the admissible coordinated-turn envelope, including bank-angle and
load-factor constraints, rather than selected independently of the aircraft. If the inner loop
is slower or the admissible bank/load-factor envelope is tighter, the fast-layer gains and the
heading-authority bound θ̄max should be reduced, or the executable-boundary relaxation
budget should be enlarged, so that the actuator-compatible inward conditions used in
the analysis remain valid. The fast layer is algebraic at each control step, except for the
low-dimensional adaptive residual update with projection. The slow layer is executed at a
lower rate and solves a reduced-order coordination problem for the relaxation variables,
heading-authority adjustment, and lateral recovery intensity. In the simulations, the slow
coordination period is Ts = 0.20 s, and the prediction and coordination horizons are Np =

12 and Nc = 4, respectively. If the slow optimization is infeasible or temporarily unavailable,
the admissibility-preserving fallback rule keeps the applied coordination variables within
their prescribed bounds, although nominal-boundary recovery may become slower.

These observations indicate that the proposed method is suitable for implementation
as an outer-loop formation-recovery module above an existing fixed-wing autopilot, pro-
vided that state estimation, command tracking bandwidth, wind/residual bounds, and
onboard optimization time are verified for the target platform. Future work will extend
the validation to stochastic wind models, target-airframe 6-DoF identification, measured
onboard timing/profiling, hardware-in-the-loop experiments, and flight tests, and will
further investigate distributed recovery coordination under communication constraints.

6. Conclusions
This paper studied deadline-guided formation tracking for fixed-wing UAVs under

nonholonomic coupling, input saturation, and time-varying uncertainties. The main chal-
lenge is the mismatch between the nominal deadline boundary required by the mission
layer and the boundary that can be enforced with the available maneuvering capability.

To address this problem, the CAEBR controller was proposed. CAEBR separates the
nominal deadline boundary from an executable boundary and coordinates the gap between
them online. The controller consists of a bounded fast layer for executable-boundary
regulation and lateral recovery, a slow residual-aware predictive coordination layer for
boundary relaxation and recovery scheduling, and an adaptive residual-information layer
for residual estimation and capability indication.

The theoretical analysis established forward invariance of the executable boundary and
heading-support tube, boundedness of closed-loop signals, and conditional recovery of the
nominal boundary under the stated admissibility conditions. The simulations showed that
CAEBR preserves nominal tracking performance when sufficient maneuvering capability is
available and, under large initial deviations and saturation, improves lateral tracking and ac-
celerates nominal-boundary re-entry, while the remaining executable-boundary exceedance
indicates the need for conservative relaxation-budget selection in severe capability-limited
cases. An additional Aerosonde-class 6-DoF engineering validation further showed that the
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outer-loop formation commands can be coupled to a representative fixed-wing rigid-body
plant without trajectory divergence, although this validation does not constitute flight-test
or hardware-in-the-loop evidence and does not show uniform dominance over all baselines
in all tracking-error channels.

A limitation of this work is that the slow coordination layer is updated periodically.
If the update period is too long or the environment changes rapidly, recovery coordi-
nation may be degraded. Future work will investigate event-triggered or self-triggered
coordination mechanisms, as well as distributed formation recovery and obstacle-aware
reconfiguration.
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Appendix A. Stability and Recoverability Analysis
This section analyzes the closed-loop properties of CAEBR. The analysis establishes

that the executable boundary and the heading-support tube are forward invariant, all
internal closed-loop signals remain bounded, and the executable boundary recovers toward
the nominal deadline boundary whenever sufficient maneuvering capability is restored.

Appendix A.1. Lateral Recovery Priority Effect

Lemma A1. Suppose |zθ,i| ≤ rθ,i, γω,i > 0, and γθ,i > 0. If

ρy,i > 0 or σy,i > 0, (A1)

then, under the virtual-heading law in Equation (55), the priority-dependent terms generate an
additional virtual-heading correction in the lateral-error-reducing direction. Consequently, under
the local lateral inward-sector property of Lemma 1, the priority mechanism can strengthen the
conservative inward lateral recovery effect whenever the turn-rate and heading-support margins
remain nonzero.

Proof. Define the unsaturated argument in the virtual-heading law of Equation (55) as

Θv,i(πy,i) = −θ̄i
(
1 + αθπy,i

)
tanh

(
ky,i(χ̂y,i)ζy,i

)
− βθπy,i tanh(ζy,i). (A2)

From Equation (53), if ρy,i > 0 or σy,i > 0, and γω,iγθ,i > 0, then πy,i > 0.
For ζy,i ̸= 0, since ky,i(χ̂y,i) > 0, we have

sgn
(
tanh

(
ky,i(χ̂y,i)ζy,i

))
= sgn(ζy,i), sgn

(
tanh(ζy,i)

)
= sgn(ζy,i). (A3)
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Thus,
sgn

(
Θv,i(πy,i)

)
= − sgn(ζy,i) (A4)

whenever the expression is nonzero. Moreover,

|Θv,i(πy,i)| = θ̄i
(
1 + αθπy,i

)∣∣tanh
(
ky,i(χ̂y,i)ζy,i

)∣∣+ βθπy,i| tanh(ζy,i)|
≥ θ̄i

∣∣tanh
(
ky,i(χ̂y,i)ζy,i

)∣∣ = |Θv,i(0)|.
(A5)

Furthermore, for πy,i > 0,

|Θv,i(πy,i)| − |Θv,i(0)| = πy,i
[
αθ θ̄i

∣∣tanh
(
ky,i(χ̂y,i)ζy,i

)∣∣+ βθ | tanh(ζy,i)|
]
≥ 0. (A6)

Therefore, before the outer saturation is reached, the priority variable increases the virtual-
heading correction magnitude in the direction − sgn(ζy,i), which is the lateral-error-
reducing direction required by Lemma 1. If the outer saturation is reached, the applied
virtual-heading command remains bounded by

|θv,i| ≤ θ̄max. (A7)

Therefore, under the local inward-sector property, the priority mechanism can strengthen
the conservative inward lateral recovery effect whenever the turn-rate and heading-support
margins remain nonzero.

Appendix A.2. Closed-Loop Stability

Theorem A1. Consider the closed-loop system composed of the fast-layer controller Equations (55)–
(59), the slow coordination laws Equations (69) and (70), and the adaptive laws Equation (98).
Suppose that the executable boundary has been initialized according to Equation (22) and satisfies
Equation (23), so that

|ĕx,i(0)| < 1, |ĕy,i(0)| < 1, |zθ,i(0)| < rθ,i. (A8)

Assume that the actually applied slow-layer schedule, whether obtained from the optimizer or from
the fallback rule, satisfies Equations (26) and (27) for all t ≥ 0. Assume further that the longitudinal
inward condition in Equation (A25) and the lateral executable-sector margin

cy,i > ∆̄y,i (A9)

hold on the considered operating interval. Under these admissible scheduling, projection initializa-
tion, and bounded equivalent-remainder assumptions, there exist controller parameters such that all
closed-loop signals are bounded and

|ĕx,i(t)| < 1, |ĕy,i(t)| < 1, |zθ,i(t)| ≤ rθ,i, ∀t ≥ 0. (A10)

Consequently, the longitudinal and lateral tracking errors remain inside the executable boundaries
for all t ≥ 0.

Proof. The equivalent residual remainders
Step 1: Bounded adaptive estimates and coordination variables.
By the projection initialization in Equation (30), the projection sets in Equation (101),

and the projection-based adaptive laws in Equation (98), the adaptive estimates remain in
their compact projection sets for all t ≥ 0. Hence, Ŵx,i and Ŵθ,i are bounded. Since the ideal
weights are constant and belong to the corresponding compact analysis sets, the parameter
estimation errors W̃x,i and W̃θ,i are also bounded.
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Moreover, by the admissible coordination design in Equations (26) and (27), the slow
coordination variables and the executable-boundary variables are bounded and satisfy their
admissible ranges for all t ≥ 0. Therefore, the adaptive estimates, parameter estimation
errors, slow coordination variables, and executable-boundary variables are bounded.

Step 2: Forward invariance of the heading-support tube.
Using the bounded turn-rate command in Equation (58), the heading-support error

dynamics can be written as

żθ,i = −kθ,i(χ̂θ,i) tanh(λθzθ,i)− βzrθ,i tanh
(

zθ,i

rθ,i

)
+ W̃⊤

θ,iΦθ,i + deq
θ,i, (A11)

where W̃θ,i = W∗
θ,i − Ŵθ,i. At the upper boundary zθ,i = rθ,i,

żθ,i ≤ −kθ,min tanh(λθrθ,i)− βzrθ,i tanh(1) + ∥W̃θ,i∥∥Φθ,i∥+ d̄eq
θ,i

≤ −kθ,min tanh(λθrθ,i)− βzrθ,i tanh(1) + ¯̃Wθ,iΦ̄θ + d̄eq
θ,i < 0,

(A12)

At the lower boundary zθ,i = −rθ,i,

żθ,i ≥ kθ,min tanh(λθrθ,i) + βzrθ,i tanh(1)− ¯̃Wθ,iΦ̄θ − d̄eq
θ,i > 0. (A13)

Thus, the vector field points strictly inward at both boundaries of the interval [−rθ,i, rθ,i].
Since |zθ,i(0)| ≤ rθ,i, the heading-support tube is forward invariant.

Step 3: Longitudinal transformed-error boundedness and adaptive subsystem bound-
edness.

For j ∈ {x, y}, whenever |ĕj,i| < 1, direct differentiation of the transformed error yields

ζ̇ j,i = aj,i(t)ėj,i − bj,i(t), (A14)

where

aj,i(t) :=
κj sech2(κjej,i(t))

µact
j,i (t)

(
1 − ĕ2

j,i(t)
) , bj,i(t) :=

µ̇act
j,i (t)

µact
j,i (t)

ĕj,i(t)
1 − ĕ2

j,i(t)
. (A15)

By Equation (27), within the executable boundary we have

| tanh(κjej,i)| < µact
j,i (t) ≤ µ̄j,i < 1. (A16)

Thus, ej,i remains in a finite interval over the maximal transformed-error interval. Since
|µ̇act

j,i | is bounded, the ratio bj,i/aj,i is bounded. We therefore define

rj,i(t) :=
bj,i(t)
aj,i(t)

, |rj,i(t)| ≤ r̄j,i, j ∈ {x, y}. (A17)

On the admissible domain, the longitudinal error dynamics can be written in the
following analysis form

ėx,i = −
(
1 − αvπy,i

)[
kx,i(χ̂x,i) + βx

]
tanh(ζx,i) + W̃⊤

x,iΦx,i + deq
x,i, (A18)

where W̃x,i = W∗
x,i − Ŵx,i.

Combining Equations (A14), (A17) and (A18) gives

ζ̇x,i = ax,i

[
−
(
1 − αvπy,i

)(
kx,i(χ̂x,i) + βx

)
tanh(ζx,i) + W̃⊤

x,iΦx,i + deq
x,i − rx,i(t)

]
. (A19)
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Consider the Lyapunov function candidate

Va,i =
1
2

ζ2
x,i +

1
2

z2
θ,i +

1
2

W̃⊤
x,iΓ

−1
x W̃x,i +

1
2

W̃⊤
θ,iΓ

−1
θ W̃θ,i. (A20)

Because W̃ = W∗ − Ŵ, we have

˙̃Wx,i = − ˙̂Wx,i, ˙̃Wθ,i = − ˙̂Wθ,i. (A21)

Using the projection property in Equation (102), the adaptive laws imply

W̃⊤
x,iΓ

−1
x

˙̃Wx,i ≤ −W̃⊤
x,iΦx,iax,iζx,i + σxW̃⊤

x,iŴx,i, (A22)

and
W̃⊤

θ,iΓ
−1
θ

˙̃Wθ,i ≤ −W̃⊤
θ,iΦθ,izθ,i + σθW̃⊤

θ,iŴθ,i. (A23)

Thus, the adaptive cross term in the longitudinal transformed-error channel is canceled.
Define

Cx,i := (1 − αv)
(
kx,min + βx

)
, Dx,i := d̄eq

x,i + r̄x,i. (A24)

The longitudinal gain condition is imposed as

Cx,i > Dx,i. (A25)

Since 0 ≤ πy,i ≤ 1, 0 < αv < 1, and kx,i(χ̂x,i) ≥ kx,min, it follows that(
1 − αvπy,i

)(
kx,i(χ̂x,i) + βx

)
≥ Cx,i. (A26)

Using Equations (A19)–(A26), one obtains

ζx,i ζ̇x,i + W̃⊤
x,iΓ

−1
x

˙̃Wx,i ≤ −ax,iCx,iζx,i tanh(ζx,i) + ax,i|ζx,i|Dx,i

+ σxW̃⊤
x,iŴx,i.

(A27)

Since
ζx,i tanh(ζx,i) = |ζx,i| tanh(|ζx,i|), (A28)

Equation (A27) becomes

ζx,i ζ̇x,i + W̃⊤
x,iΓ

−1
x

˙̃Wx,i ≤ −ax,i|ζx,i|[Cx,i tanh(|ζx,i|)− Dx,i]

+ σxW̃⊤
x,iŴx,i.

(A29)

If the longitudinal gain condition in Equation (A25) holds, i.e., Cx,i > Dx,i, then there exists
a constant εx,i > 0 such that

Dx,i + εx,i < Cx,i. (A30)

Define

ζ⋆x,i = artanh
(

Dx,i + εx,i

Cx,i

)
. (A31)

Then, whenever |ζx,i| ≥ ζ⋆x,i,

Cx,i tanh(|ζx,i|)− Dx,i ≥ εx,i. (A32)
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Consequently, outside the compact set |ζx,i| < ζ⋆x,i, the longitudinal transformed-error
dynamics admit an inward dissipative component:

ζx,i ζ̇x,i ≤ −ax,iεx,i|ζx,i|+ σxW̃⊤
x,iŴx,i. (A33)

For the leakage term, using Ŵ = W∗ − W̃ and Young’s inequality gives

σxW̃⊤
x,iŴx,i ≤ −σx

2
∥W̃x,i∥2 +

σx

2
∥W∗

x,i∥2. (A34)

Similarly,

σθW̃⊤
θ,iŴθ,i ≤ −σθ

2
∥W̃θ,i∥2 +

σθ

2
∥W∗

θ,i∥2. (A35)

For the heading-support channel, Equations (A11) and (A23) yield

zθ,i żθ,i + W̃⊤
θ,iΓ

−1
θ

˙̃Wθ,i ≤ −kθ,minzθ,i tanh(λθzθ,i)

− βzrθ,izθ,i tanh
(

zθ,i

rθ,i

)
+ |zθ,i|d̄

eq
θ,i

+ σθW̃⊤
θ,iŴθ,i.

(A36)

Since zθ,i remains within the invariant tube by Step 2 and the projection terms satisfy the
bounds in Equations (A34) and (A35), the variables zθ,i, W̃x,i, and W̃θ,i remain bounded.
Moreover, ζx,i is ultimately confined to a compact set determined by Cx,i, Dx,i, the bound-
ary variation, and the leakage bounds. Therefore, ζx,i, zθ,i, W̃x,i, and W̃θ,i are uniformly
ultimately bounded.

Step 4: Boundedness of the lateral transformed error.
By Step 2, |zθ,i(t)| ≤ rθ,i for all t ≥ 0. Under the admissible lateral executable-sector

condition in Lemma 1, the lateral transformed-error channel satisfies

ζy,i ζ̇y,i ≤ −cy,iζy,i tanh(ζy,i) + |ζy,i|∆̄y,i. (A37)

Consider the Lyapunov function candidate

Vy,i =
1
2

ζ2
y,i. (A38)

Then
V̇y,i ≤ −cy,iζy,i tanh(ζy,i) + |ζy,i|∆̄y,i. (A39)

Using
ζy,i tanh(ζy,i) = |ζy,i| tanh(|ζy,i|), (A40)

we obtain
V̇y,i ≤ −|ζy,i|

[
cy,i tanh(|ζy,i|)− ∆̄y,i

]
. (A41)

If the lateral inward-sector margin condition

cy,i > ∆̄y,i (A42)

holds, then there exists a constant εy,i > 0 such that

∆̄y,i + εy,i < cy,i. (A43)

Define

ζ⋆y,i = artanh

(
∆̄y,i + εy,i

cy,i

)
. (A44)
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Whenever |ζy,i| ≥ ζ⋆y,i,
cy,i tanh(|ζy,i|)− ∆̄y,i ≥ εy,i. (A45)

Therefore,
V̇y,i ≤ −εy,i|ζy,i| < 0, whenever |ζy,i| ≥ ζ⋆y,i. (A46)

Therefore, ζy,i is bounded for all t ≥ 0.
Step 5: Forward invariance of the executable boundary.
The transformed coordinates ζx,i and ζy,i are well defined provided that

|ĕx,i| < 1, |ĕy,i| < 1. (A47)

Let [0, Tmax) be the maximal interval on which these inequalities hold. On this interval,
Steps 3 and 4 show that ζx,i and ζy,i remain bounded. Since

ĕj,i(t) = tanh(ζ j,i(t)), j ∈ {x, y}, (A48)

boundedness of ζ j,i implies
|ĕj,i(t)| < 1 (A49)

for all finite t < Tmax. Hence, neither transformed boundary can be reached in finite time.
Therefore, Tmax = ∞, and

|hj(ej,i(t))| < µact
j,i (t), j ∈ {x, y}, ∀t ≥ 0. (A50)

Step 6: Boundedness of internal closed-loop signals and conditional recovery of the
nominal boundary.

From Step 5,
|hj(ej,i(t))| < µact

j,i (t) ≤ µ̄j,i < 1. (A51)

Since hj(e) = tanh(κje) is invertible and strictly increasing, the tracking errors are bounded:

|ej,i(t)| <
1
κj

artanh(µ̄j,i), j ∈ {x, y}. (A52)

By Step 2, zθ,i remains within the heading-support tube. The virtual-heading signal
θv,i is bounded by the outer saturation in Equation (55). Since the filter is stable and driven
by a bounded input, ψi is bounded. Since zθ,i = ψi − ηi, boundedness of zθ,i and ψi implies
boundedness of the relative heading ηi.

The applied inputs vi and ωi are bounded by the saturation operators. The unsatu-
rated commands are bounded by construction on the admissible domain. The slow-layer
variables δx,i, δy,i, σy,i, and ∆θ̄i are bounded by the admissible coordination design in Equa-
tions (26) and (27). The adaptive weights, parameter estimation errors, adaptive residual
estimates, residual-load indicators, estimated capability indices, and recovery priority are
bounded by Step 1 and their saturation definitions. Therefore, all internal closed-loop
signals, tracking errors, transformed errors, adaptive weights, coordination variables, and
control inputs remain bounded.

It remains to prove conditional recovery of the nominal boundary. Suppose that
after some time tr, the estimated maneuvering capability remains sufficient and the slow
coordinator selects admissible recovery actions satisfying, for some 0 < λδ,j < λδ,j,

vδ,j,i(t) ≤ −c̄δ,j + (λδ,j − λδ,j)δj,i(t), cδ,j(1 − χ̂j,i) ≤ c̄δ,j. (A53)
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Then, from the relaxation dynamics in Equation (69), we have

δ̇j,i(t) ≤ −λδ,jδj,i(t), j ∈ {x, y}, (A54)

in the projected-vector-field sense. Direct integration yields

δx,i(t) ≤ δx,i(tr)e−λδ,x(t−tr), δy,i(t) ≤ δy,i(tr)e−λδ,y(t−tr) (A55)

for all t ≥ tr. Therefore,
δx,i(t) → 0, δy,i(t) → 0. (A56)

Since
µact

j,i (t) = µnom
j,i (t) + δj,i(t), j ∈ {x, y},

the executable boundary asymptotically recovers the nominal deadline boundary:

µact
j,i (t)− µnom

j,i (t) → 0, j ∈ {x, y}. (A57)

Moreover, by forward invariance,

|hj(ej,i(t))| < µnom
j,i (t) + δj,i(t). (A58)

If the nominal deadline boundary satisfies

µnom
j,i (t) → µ∞

j,i, (A59)

then
lim sup

t→∞
|hj(ej,i(t))| ≤ µ∞

j,i. (A60)

Since hj(e) = tanh(κje) is strictly increasing and invertible,

lim sup
t→∞

|ej,i(t)| ≤
1
κj

artanh(µ∞
j,i) = rj,i. (A61)

This completes the proof.

Theorem A1 shows that the executable boundary remains invariant when the boundary
schedule and available input authority satisfy the inward conditions used in the proof. The
nominal boundary is recovered conditionally after sufficient capability returns and the
relaxation variables decay to zero.
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