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Highlights

What are the main findings?

* The analytical 72-h navigation cliff is reproduced in simulation to within 0.8%
(tc =729 £2.4h across 2430 Monte Carlo runs) and explained by irreversible ther-
mal hysteresis creep in the MEMS gyroscope. Under the same channel statistics, a
CTMC-coupled collaborative SLAM filter holds GPS-denied localization within the 2 m
budget, where Swarm-SLAM, Kimera-Multi, and D2SLAM all exceed 3.9 m.

* When paired with cognitive radio hopping, a 3D Gaussian process RF map queried
inside the predictive controller raises link availability from 12.4% to 81.7% under barrage
jamming and cuts RF map error by 48.6%. An AHP-weighted multi-objective cost
reduces latency by 15.1% and jitter by 12.9% at negligible SNR cost, all inside the 100 ms
Layer 2 Jetson Xavier NX budget.

What are the implications of the main findings?

¢ Communication quality, RF map structure, and channel stochasticity can be folded into
the cost of predictive control as first-class planning variables, providing a tractable theory
for long-endurance multi-UAV mission planning under intermittent and adversarial
links. The resulting channel quality—fleet size envelope allows a planner to read off the
minimum fleet that meets a target sortie.

e The simulation-validated bifurcation at t. = 72.9 + 2.4 h, together with ¢ > 96 h for
N =5 at 7go0q4 = 0.80, supplies a quantitative design baseline for next-generation GPS-
denied UAV systems. All claims are simulation-based; hardware-in-the-loop testing and
long-duration field deployment remain priority future work.

Abstract

Long-endurance unmanned aerial vehicle (UAV) missions beyond 72 consecutive flight
hours face a reliability boundary at which thermal gyroscope drift drives the inertial
navigation system (INS) position error into rapid nonlinear divergence at a predictable
threshold f.. This paper presents BAZ II, a simulation-validated multi-agent navigation
system that extends the analytical BAZ (bifurcation-aware zonal navigation) framework.
Its central idea is to treat communication quality as a planning resource and combine it
with multi-agent collaboration, making the navigation cliff a manageable degradation
event rather than a hard operating limit. Four contributions support this idea: a thermal-
hysteresis MEMS gyroscope drift model reproduces the analytical cliff in simulation and
supplies its physical mechanism; a distributed collaborative simultaneous localization and
mapping (SLAM) filter coupled to a stochastic continuous-time Markov chain (CTMC) inter-
agent channel sustains GPS-denied localization within the operational accuracy budget;
a 3D Gaussian process RF-aware model predictive controller (MPC) with cognitive radio
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frequency-hopping restores link availability under jamming, while an analytic hierarchy
process (AHP)-weighted multi-objective communication cost improves latency and jitter
at negligible signal-to-noise ratio cost; finally, the integrated controller executes within
the onboard real-time budget of an NVIDIA Jetson Xavier NX. All results are obtained in
simulation, with hardware-in-the-loop and field testing remaining as priority future work.

Keywords: thermal gyroscope drift; INS bifurcation threshold; collaborative SLAM;
Gaussian process radio mapping; cognitive radio frequency hopping; model predictive
control; MEMS inertial navigation; multi-agent UAV resilience

1. Introduction
1.1. Background and Motivation

Long-duration unmanned aerial vehicles (UAVs)—defined here as platforms capa-
ble of multi-day sorties exceeding 48 consecutive flight hours—have become essential to
autonomous environmental monitoring, persistent area surveillance, and high-altitude
communication relay [1-4]. Unlike rotary-wing platforms where mission times are typically
limited to 2-8 h, long-endurance UAVs must maintain navigation capability across multiple
thermal cycles per day [5,6], tolerate extended Global Positioning System (GPS) outages,
and operate over highly variable communication links—conditions that lie well outside
the design envelope of conventional navigation and control architectures. Throughout
this paper, the acronym BAZ (Bifurcation-Aware Zonal navigation) denotes the precur-
sor analytical framework of Alrashed et al. [7], while BAZ II denotes the simulation-
validated multi-agent extension developed here. The precursor study [7] introduced the
idea that communication quality should be treated as a planning resource and proactively
shaped through trajectory selection. The BAZ study established three theoretical results:
(1) e-optimality of a sigmoid penalty model predictive control (MPC) algorithm under
continuous-time Markov chain (CTMC) communication uncertainty (¢ < 0.12); (2) exponen-
tial stability of a hysteresis-modulated switched architecture (A > 0.23); and (3) analytical
derivation of a 72-h bifurcation threshold. MPC is adopted as the unifying control frame-
work here because it is the only standard receding-horizon method that natively combines
the three properties required by long-endurance multi-UAV navigation: (i) hard pointwise
constraints on attitude rate, thrust, and obstacle clearance; (ii) stochastic disturbance models
such as the CTMC channel state, which enter as expectations over the prediction horizon;
and (iii) position-dependent cost terms—specifically, the GP-queried SNR field Jcomm and
the SLAM information cost [in, in Equation (1)—that have no closed-form analogue in lin-
ear quadratic regulators or sliding-mode formulations. Therefore, the BAZ II contribution
is not the MPC paradigm itself but the integration of these three terms into a single compu-
tationally tractable cost function on embedded hardware. Beyond the 72-h cliff, thermally
induced gyroscopic drift drives the INS position error through a sharp transition from
bounded linear growth to rapid nonlinear divergence. Accelerometer thermal sensitivity
also exists [8], but is sub-dominant on the multi-day timescale: typical tactical-grade MEMS
accelerometer thermal bias of ~0.5 mg/°C produces a Schuler-bounded position error
oscillation that does not accumulate, whereas the integrated gyroscope drift (Equation (5))
grows quadratically and is the rate-determining failure mode beyond ~48 h. Therefore, the
accelerometer error budget is folded into the INS noise model in Section 3.3 and does not
require a separate bifurcation analysis. BAZ was validated through Monte Carlo simulation
over 2430 missions consisting of 54,686 flight hours [7] and demonstrated a 243% endurance
extension together with sub-9 m circular error probable (CEP) navigation precision even
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under severe communication degradation (§comm < 0.3). Two limitations of BAZ motivate
the present study: first, the analytical 72-h cliff was not connected to a physically based
simulation model, an omission flagged by the BAZ peer review process; second, BAZ
did not consider multi-agent coordination or 3D spatially resolved RF planning. Both
limitations are addressed here. A summary of the key BAZ results on which this work
builds is provided in Table 1 (located in Section 3 for ease of reference).

Table 1. BAZ key results (Alrashed et al. [7]). e: MPC sub-optimality; A: Lyapunov stability rate; f,:
analytical navigation cliff threshold (this row reports the BAZ Phase 1 analytical value, 72.3 = 1.8 h;
the BAZ II simulation-validated value of 72.9 £ 2.4 h is reported separately in Equation (9) and in
Section 3.3); CEP: circular error probable; CTMC: continuous-time Markov chain.

Result Value Significance

MPC e-optimality e <0.12 Near-optimal under ergodic CTMC
Lyapunov stability rate A>023 Exponential stability confirmed
Analytical cliff threshold te=723+18h Derived from MEMS drift model
Navigation precision (degraded) CEP <9m Sub-9 m even at §comm < 0.3
Endurance extension 243% over baseline  Validated over 2430 MC missions

1.2. Research Gap and Contributions

While the BAZ analytical framework [7] establishes the existence and theoretical
character of the 72-h navigation cliff, several gaps remain before the framework can support
reliable multi-agent deployments at long endurance. A first-principles physical mechanism
for the cliff has not been demonstrated; the analytical CTMC model has not been coupled to
a multi-agent SLAM front-end; the scalar reactive communication penalty offers no spatial
foresight in 3D urban environments; and the original communication cost functional treats
SNR as the sole proxy for link quality, ignoring bandwidth, latency, and jitter. These four
gaps motivate the contributions of the present paper.

The central research question addressed here is the following: by treating communica-
tion quality as a first-class planning resource within a cooperative multi-agent system, can
the analytically predicted 72-h navigation cliff be converted from a hard endurance limit
into a managed degradation event that a mission planner can anticipate, and can this be
achieved within the real-time computational budget of embedded UAV hardware? The
main scientific contribution of the paper is a simulation-based affirmative answer to this
question: a single hierarchical navigation system, BAZ II, in which a physically grounded
cliff model, collaborative SLAM, RF-aware predictive control, and multi-objective commu-
nication cost together extend the effective cliff time while remaining inside the onboard
real-time limit. The four primary contributions listed below are the components that, in
combination, answer this question.

In response to second-round reviewer feedback that an earlier draft presented seven
items at uneven levels of novelty, the contribution list has been consolidated into four
primary contributions, supplemented by two implementation enablers that are explicitly
not claimed as new (Sections 3.5 and 4.1.5). The four primary contributions are summarized
below; the prose is deliberately non-parallel, since the contributions differ in character (a
validated physical mechanism, an estimator, an integrated controller, and a cost-functional
reformulation) rather than being four instances of a single template.

C1. Physical mechanism for the 72-h navigation cliff. The BAZ analytical bifurca-
tion [7] predicted, but did not physically explain, the abrupt growth in INS position error
beyond ~72 h. A thermal hysteresis MEMS gyroscope drift model is constructed here
from first principles—irreversible micromechanical creep accumulated over successive
diurnal cycles—and is calibrated against published tactical-grade datasheets [9-11]. The
bifurcation mechanism of Equation (7) reproduces the analytical cliff to within 0.8% over
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2430 Monte Carlo runs; this is the first time an analytical 72-h cliff is shown to coincide with
a physically derivable failure mode rather than a property of the analytical model alone.

C2. Stochastic communication-aware collaborative SLAM. The single-agent BAZ
formulation cannot fuse landmark observations across multiple agents and offers no mech-
anism for the cliff to be arrested by external position aiding. Section 3.4 introduces an
information-weighted multi-agent SLAM filter that is coupled directly to the inter-agent
channel through a two-state CTMC, lumped from the BAZ three-state model. Crucially, the
e-optimality and Lyapunov stability guarantees inherited from BAZ are preserved under the
lumped channel. On a common 30-min visual-inertial benchmark against Swarm-SLAM,
Kimera-Multi, and D2SLAM (Section 3.4), the proposed filter is the only one for which
the RMS localization error remains within the 2 m operational budget under stochastic
CTMC degradation.

C3. 3D RF-aware predictive control with cognitive radio resilience. The scalar reactive
penalty of BAZ steers the vehicle only after an SNR threshold has been crossed. In its place,
Sections 3.5 and 3.6 integrate a 3D Gaussian process (GP) RF map built using an anisotropic
spatiotemporal kernel and queried directly inside the MPC cost Jcomm With a cognitive
radio (CR) frequency-hopping layer that operates against barrage and sweep jammers.
The combination is what is novel here: GP-based predictive routing alone cannot survive
adversarial jamming, and CR alone cannot exploit spatial RF structure. Their integration
restores link availability from 12.4% to 81.7% under barrage jamming and lowers RF map
prediction error by 48.6% relative to an isotropic baseline.

C4. Multi-objective communication cost via the analytic hierarchy process. The orig-
inal BAZ communication cost is scalar in SNR. Section 4.1.3 replaces it with an analytic
hierarchy process (AHP) scalarization that admits bandwidth, latency, and jitter as addi-
tional axes; the pairwise-comparison matrix is provided in Supplementary Material S1.
The reformulated cost is shown via tornado analysis to be insensitive to +20% weight
perturbations, dispelling the concern that the AHP reduction is a fragile choice of weights,
and yields a 15.1% latency reduction and 12.9% jitter reduction with negligible SNR loss.

The two implementation enablers are deliberately separated from the contribution list,
since neither is novel. Online recursive GP updates (Section 3.5, m = 64 inducing points at
10 Hz) follow the sparse-GP machinery of [12]; the parameter choices are documented in
Supplementary S5. The recursive update is required for tractable execution of C3 on the
Jetson Xavier NX, but the algorithmic structure itself is not new. A structure-exploiting
condensed Riccati QP step (Section 4.1.5) is the textbook block-tridiagonal factorization [13]
that also underlies HPIPM [14] and FORCES [15]; authorship of the recursion itself is not
claimed. What is reported is the integration of this factorization as the real-time iteration
step of the BAZ Il MPC, and the resulting solve-time profile that keeps the fully integrated
controller inside the 100 ms Layer 2 budget on embedded hardware.

Table 2 maps each primary contribution to the specific prior works that it extends,
enabling readers from each sub-community to locate the most relevant advances. All
four primary contributions are unified within a computationally constrained hierarchical
architecture (Section 4.1) that manages the tradeoff between processing fidelity and onboard
computational resources. The adaptive sparse/full mode switching qualifies this as a multi-
mode navigation system [13], dynamically balancing high-fidelity and resource-conserving
operation based on mission criticality. The switching architecture relies on stability theory
for switched and hybrid systems [16,17] and nonlinear control fundamentals [18], with
rigid-body attitude tracking [19] providing the geometric consistency framework.
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Table 2. Map of contributions to the literature for the four primary BAZ II contributions (C1-C4) and
the two implementation enablers (E1-E2). Each row identifies the prior work that the contribution
or enabler directly extends. GP: Gaussian process; SLAM: simultaneous localization and mapping;
MPC: model predictive control; CR: cognitive radio; CTMC: continuous-time Markov chain.

BAZ II Item Directly Extends Key References
Primary contributions

C1. Thermal-hysteresis cliff validation BAZ CTMC bifurcation analysis [7,9,11]

C2. Distributed collaborative SLAM under stochastic comm. D?SLAM, Swarm-SLAM, Kimera-Multi [20-23]

C3. 3D RF-aware predictive MPC + cognitive-radio resilience =~ SNR-constrained planning, GP radio mapping, = [24-29]

dynamic spectrum access

C4. AHP-weighted multi-objective communication cost Scalar SNR penalty (BAZ) [7,30,31]
Implementation enablers (not claimed as new contributions)

E1. Online recursive sparse-GP updates Sparse-GP machinery [12,32]

E2. Structure-exploiting condensed Riccati QP step HPIPM, FORCES, textbook Riccati factorization  [13-15]

2. Related Work
2.1. INS Thermal Drift and Multi-UAV SLAM

Tactical-grade MEMS gyroscopes are dominated by thermal sensitivity, with position
error growing quadratically under bias instability [9,33,34]. Temperature drift compensa-
tion using machine learning methods has been explored for MEMS accelerometers [8,35]
and inertial navigation systems [36], while attitude and quaternion representations for
strapdown INS are well-established [37,38]. GPS-denied navigation remains a fundamental
challenge for long-endurance UAVs, addressed through vision-based approaches [39-45],
lightweight simultaneous localization and mapping (SLAM) for resource-constrained
platforms [46], celestial navigation alternatives [47], autonomous landing [48], and Lie
group-based visual localization [49]. The EuRoC benchmark dataset [50] and Stanford
drone dataset [51] have become standard evaluation testbeds, while Cadena et al. [52]
provide a comprehensive overview of SLAM past, present, and future.

Modern UAV navigation estimators rely on extensions of the Kalman filter, primarily
the extended Kalman filter (EKF) and unscented Kalman filter (UKF), which are the ap-
propriate references for the nonlinear strapdown navigation problem considered in this
paper [52,53]; filter divergence remains a concern in long-horizon operation [53]. GNSS
reliability under degraded conditions has been characterized via Monte Carlo methods [54].
While multi-UAV SLAM systems like Kimera-Multi, Swarm-SLAM, and decentralized
pose graph optimization [21,22,55] have matured, they do not explicitly address sustaining
collaboration during the multi-day nonlinear error regime predicted in BAZ [7]. Vision-
and-language navigation surveys [56] and autonomous landing on maritime vessels [57]
extend the operational envelope further.

2.2. Communication-Aware Path Planning

RF awareness in UAV planning has been explored via SNR-constrained optimization
and radio map-based signal-to-interference-plus-noise ratio (SINR) planning [24,26,58].
UAV communication for wireless networks has been studied extensively [59-61], includ-
ing energy minimization for rotary-wing UAVs [62], joint communication and trajectory
optimization for IoV applications [63], and time-variant multipath channel models for UAV-
to-ground links [64]. Finite-state Markov channel models underpin the CTMC framework
used in this work [65]. Communication-aware swarm surveillance has been studied for
hierarchical multi-UAV architectures [66]; adaptive control via communication information
optimization [67] and distributed MPC for channel resource allocation [68] represent closely
related contributions. Asynchronous distributed trajectory optimization for UAV swarms
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under communication constraints has also been proposed [69]. GP regression is a standard
tool for spatial RF mapping [25], but achieving 10 Hz updates on embedded hardware
while managing the cyber—physical tradeoffs of long-endurance missions remains an open
challenge that is addressed in this work.

GP-guided MPC trajectory planning with these techniques for UAVs remains largely
unexplored. This work brings together GP-based 3D RF mapping, cognitive radio (CR)
anti-jamming, and position-dependent CTMC channel models in a single MPC framework,
thereby shifting communication management from reactive to predictive and directly
extending the CTMC model developed in BAZ [7].

3. Materials and Methods
3.1. System Architecture

BAZ 11 extends the three-layer hierarchical architecture of BAZ [7] with three new
modules: a collaborative SLAM front-end, a 3D RF-aware predictive controller, and a
72-h cliff monitor (Figure 1). The reference platform is a 23.8 kg hexarotor equipped
with tactical-grade MEMS sensors and partitioned across three operating layers: Layer 1
(Navigation, 100 Hz), Layer 2 (Planning, 10 Hz), and Layer 3 (Mission Control, <1 Hz).
Airframe attitude and rate dynamics follow standard rigid-body formulations [70,71],
with geometric tracking control [72,73] providing attitude consistency across the operat-
ing modes. The handling quality envelope conforms to MIL-STD-1797A [74,75]; the IMU
performance envelope is benchmarked against navigation-grade SBG Systems units [76],
and the platform mass and payload allocation are sized against the published D]JI Ma-
trice 400 specification [77]. Detailed specifications and temporal scales are provided in
Section S5.3.1 of Supplementary Material S5.

3.2. Unified MPC Cost Function

The integrated MPC minimizes

Ny Np—1
J= Y o =2l + X [l
k=0 k=0
tracking control

+ ]comm(xO:Np) + ]info(z) + ]comp(c) (1)

—_——— N—— N —

communication ~ information gain  compute budget
where N, = 20 is the prediction horizon (BAZ used N, = 50 at 10 Hz with a 5-s looka-
head [7]; the reduced horizon reflects the higher per-step cost of 3D GP map queries and
SLAM covariance propagation on the NVIDIA Jetson Xavier NX, consistent with the SWaP-
constrained limitation identified in BAZ). Q and R are state and control weighting matrices
inherited from BAZ [7], and the three new cost terms are as follows:

Np

]comm(xO:Np) = W¢ Z max(ol YSNR — SNR(xk))2 (2)
k=0
N,

]info():‘) = wj Zp: tr(ZELAM) (3)
k=0
NP

Jeomp (€) = wx ¥ max(0, cx — cmax)’ (4)
k=0

where SNR(xy) is queried from the 3D RF map, Z%LAM is the SLAM covariance, and cj
denotes the normalized computational load at prediction step k. The weights are set to
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we = 1.0, w; = 0.5, we = 2.0, and ysnyr = 10 dB, determined via pairwise comparison
following the analytic hierarchy process [31]. The pairwise comparison matrix (consistency
ratio CR < 0.10) is provided as Supplementary Material S1. Because the sub-costs have
heterogeneous physical dimensions (m?, dB?, dimensionless), each weight w absorbs the
necessary unit conversion so that | is dimensionless; therefore, reported MPC cost values
are relative to the baseline configuration. The communication cost Jcomm is a direct spatial
extension of the scalar sigmoid penalty from BAZ [7], preserving the e-optimality guarantee
of Theorem 1 in that work.

3.3. Simulation Validation of the 72-h Navigation Cliff
3.3.1. Thermal Hysteresis Gyroscope Drift Model

The gyroscope drift rate is modeled as the superposition of four components:
G(t) = bO + brw(t) + bth(T(t)) + bhyst(t) (5)

where:

e by ~ N(upy03) is the turn-on bias with gy = 1.0 deg/h and g = 0.15 deg/h
(tactical-grade MEMS specification [9,10,78]);

*  bw(t) = [y w(t)dris the gyro random walk, w(t) ~ N(0,02,) with 0y = 0.002 deg/h/%;

o by(T) =xr- (T(t) — Tp) is the linear thermal sensitivity with xr = 0.008 deg/h/°C;

*  Dbyyst(t) =xH fot ‘ZI—Z dt is the thermal hysteresis accumulation term with kg = 1.8 X
10~* deg/h per cumulative °Ch~!, representing irreversible micromechanical creep

in the MEMS sensing element [9,11,79-82].

The temperature profile models desert diurnal cycling:

T(t) = Ty + T4 sin(sz - 7;) +(t) ©)
P

with Ty = 35°C, Ty = 15°C, Tp = 24 h, and #(t) a filtered Gaussian noise process
(0y = 1.0°C, 1 h correlation time chosen to match the characteristic timescale of mesoscale
atmospheric fluctuations [2]). This sinusoidal model has a long history in atmospheric
boundary layer research [2,83], achieving less than 2 °C RMS approximation error relative
to standard measured diurnal temperature profiles for arid environments [83,84]. Figure 2
illustrates the evolution of the four drift components over a 120-h simulation, showing
the progressive accumulation of byyst across successive diurnal cycles and its nonlinear
interaction with the total drift rate.

3.3.2. Bifurcation Mechanism

The key observation is that the hysteresis term by (f) grows monotonically with
each diurnal cycle—it captures irreversible micromechanical creep in the MEMS sensing
element caused by repeated thermal stress. After approximately three complete diurnal
cycles (=72 h), byt exceeds a bifurcation threshold 7, causing the effective drift rate to
transition from its nominal value to a rapidly amplified regime
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Figure 1. Three-layer hierarchical system architecture of BAZ II, rotated to a full-page landscape

layout to enlarge the module labels. The white boxes with solid borders are BAZ modules that were

inherited from [7]; the teal-green dashed boxes represent new BAZ Il modules introduced in this paper.

Layer 1 (100 Hz) processes sensor data to perform collaborative SLAM and sensor fusion; Layer 2

(10 Hz) plans MPC trajectories that take into account communication constraints; Layer 3 (<1 Hz) is

used for mission management and for adapting the amount of available computational resources.
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Figure 2. Validation of the simulation for the 72-h navigation cliff (n = 2430 Monte Carlo runs).
(a) Decomposition of Gyro Bias Error from a single representative run: constant offset by, random
walk bry, thermal by,, hysteresis byyst, and total bias showing increasing hysteresis creep as function
of time. (b) Position error envelope, linear scale (096 h): P5-P95 band (orange), interquartile
range (IQR) P25-P75 (blue filled region), median P50 (blue); the gray dashed line represents linear
extrapolation to 72 h, the shaded area is the cliff transition zone (68-78 h), and values are shown at
48/72/96 h. (c) Same position error envelope but on log scale (0-120 h): the mean ¢ (green dashed
line) illustrates superlinear post-cliff error increase. (d) Histogram of cliff onset times t. with Gaussian
fit N'(72.9, 2.4%) h and kernel density estimate (KDE); +1¢ band shaded.

épos(t) = 10()] - (1 + & - max(0, brya() — B)?), @)

where & = 8000 is the amplification coefficient encoding the unit conversion between
gyroscope drift rate (deg/h) and position error rate (km/h); see Supplementary S5,
Section S5.1 for the calibration procedure. Here, f* = 0.0213 £ 0.0006 is the per-unit bifur-
cation threshold, with inter-unit manufacturing variability drawn from A(0.0213,0.00062).
This structure extends Proposition 3 of BAZ [7], which analytically derived the critical time:

) Tday ) bg(O)

~723+18h (8)

where v ~ 0.627 is an analytically derived shape factor, T, is the gyroscope bias correlation
time, kt is the thermal sensitivity coefficient, and AT is the diurnal temperature excursion.
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3.3.3. Monte Carlo Validation

Simulations are executed with n = 2430 Monte Carlo runs [85-88] over a 120-h win-
dow with macro-time step At = 0.1 h (within each macro-step, the ordinary differential
equation (ODE) integrator uses adaptive sub-stepping), matching the run count of the
original CTMC study [7]. Each run uses an independent random seed for turn-on bias,
random walk, thermal noise, and bifurcation threshold. For reproducibility, the full sim-
ulation environment is specified as follows: the bifurcation simulator is implemented in
MATLAB/Simulink R2023b [89] (the specific Simulink toolboxes used are Aerospace Block-
set, Sensor Fusion and Tracking Toolbox, and Statistics and Machine Learning Toolbox);
the ODE integrator is the variable-step Dormand-Prince method (ode45) with relative
tolerance 10~ and absolute tolerance 10~%; random number generation uses MATLAB’s
default Mersenne Twister stream with deterministic per-run seeds (the explicit seed list
and the run script that consumes it are provided in Supplementary Material S3 to enable
byte-for-byte replay); ground-truth temperature profiles are generated by the closed-form
expression of Equation (6). The physical parameters {1, 0g1, Orw, kT, K11, o0, f*} are listed
in Section 3.3 together with their published manufacturer sources [9-11,78]. Represen-
tative MATLAB run scripts that regenerate the principal results of Sections 3.3-3.5 are
provided as Supplementary Material S3, and the complete parameter table appears in
Section S5.1 of Supplementary Material S5. The choice of MATLAB/Simulink is moti-
vated by the availability of validated MEMS gyroscope drift, sensor fusion, and CTMC
channel models in standard toolboxes; this allowed the present study to focus on the bi-
furcation analysis and multi-agent fusion logic rather than re-implementing low-level INS
primitives. Targeting the NVIDIA Jetson Xavier NX is for embedded execution profiling
(computational feasibility verification) and is not used for training or simulation acceler-
ation; all Monte Carlo runs are executed on x86-64 host hardware. The cliff is detected
in all 2430 runs. A D’Agostino—-Pearson omnibus normality test on the distribution of ¢,
yields K? = 1.53, p = 0.47, confirming the approximately Gaussian character visible in
Figure 2 and consistent with the normally distributed manufacturing variability in 8*. The
simulated mean critical threshold (Equation (9)) is compared against the BAZ analytical
prediction (Equation (8)):

te =729+24h (95% CI of the mean: [68.2, 77.6] h). )

Figure 2b shows the Monte Carlo position error envelope as a function of flight
duration on a linear scale, with the bifurcation region clearly visible between 68 and 78 h.
Figure 2c presents the same data on a logarithmic scale, illustrating the superlinear post-cliff
error increase. Figure 2d shows the distribution of cliff onset times t. across all 2430 runs,
and Figure 2a decomposes the individual gyro bias error components from a representative
run. Table 3 summarizes the position error statistics at key time points. Position errors
represent open-loop uncompensated INS accumulation (no SLAM correction), expressed
in km (1 km = 0.540 nmi). The error ratio at 96 h versus 48 h (3.6 x) confirms nonlinear
amplification beyond the bifurcation threshold.

3.3.4. Extended Validation and Sensitivity Analysis

A detailed examination of bifurcation parameter calibration, sensitivity to both al-
gorithmic and physical parameters, and validation testing are addressed in detail in
Section S5.1 of Supplementary Material S5. The reference to the 72.9-h cliff used throughout
this report as the operationally valid baseline was derived from these tests. The surface
plot shown in Figure 3 illustrates how the time-to-cliff (f.) changes with respect to all
combinations of the two parameters («, f*) in a structured £30% grid. Panel (a) shows the
3D surface using a traffic-light colormap. Green represents the “safe” region (68-78 h) and
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shades to orange and red indicating regions where an early cliff (<65 h) or late cliff (>83 h)
would occur. The bottom projection of the floor plane shows the risk zone boundaries and
the calibration bounds for both parameters (£20% blue dashed lines; +30% gray dotted
lines). Panel (b) shows the top-down view with superimposed arrows representing the
sensitivity gradient and an inset showing the Sobol index (S, = 0.41 > Sg« = 0.31): a has
the largest sensitivity, but the time-to-cliff (f.) will fall within 61-85 h even when changed
by £30%, and consequently remains safely within the mission planning envelope.

Table 3. Statistics of position error for 2430 Monte Carlo runs. NOTE: Errors indicate theoretical
open-loop uncompensated INS drift with GPS unavailable and no SLAM correction. This is used to
show the bifurcation transition. In standard GPS-aided mode, the errors will be reduced to sub-meter
levels. The large errors shown above are a deliberate analytical construct to isolate the bifurcation
mechanism, and should NOT be interpreted as an indication of standard operating performance.
P50/P95: 50th/95th percentile position errors. The error ratio at 96 h versus 48 h indicates nonlinear
amplification. “n/a” at 48 h: no bifurcation events were detected during any of the 2430 runs (all
runs remained in linear mode). INS: Inertial Navigation System.

Flight Duration P50 (km) P95 (km) Ratio vs. 48 h Regime
48 h (pre-cliff) 90.0 n/a* 1.0x Linear
72 h (=t,) 155.4 194.3 1.7x Transition
96 h (post-cliff) 321.7 402.6 3.6x Nonlinear

* No bifurcation-triggered nonlinear divergence detected at 48 h; all 2430 runs in linear regime.

(a) Sensitivity surface

Nominal (. B,)
ik t,=729h

a i
Floor: risk zones + is‘-con!ours (65, 68, 72.9, 78, 83 h) ¥ H — = 120 % calib
Blue dashed: +20 % lound | Gray dotted: +30 % bound 16 * b e e 320 %0 ca! ral
15~y 14 3 +30 % calibra
) ] ¢ Nom

a(x10° rad )

Figure 3. Bifurcation parameter sensitivity: mean cliff-onset time ¢. over a +30% grid of amplification
coefficient & and bifurcation threshold g* (25 x 25 grid, n = 100 Monte Carlo runs per point).
(a) 3D sensitivity surface with traffic-light risk coloring (green: safe window 68-78 h; orange/red:
caution/danger), floor risk-zone projections, iso-contours at 65, 68, 72.9, 78, and 83 h, and calibration-
bound rectangles (£20% blue dashed; +30% gray dotted). White star: nominal operating point (xg,
Bg, te = 72.9 h). (b) Top-down risk heatmap with sensitivity-gradient arrows and Sobol sensitivity-
index inset (S, = 0.41, S g = 0.31). f.: navigation cliff onset time; a: amplification coefficient; *:
bifurcation threshold.
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3.4. Distributed Collaborative SLAM with Information-Weighted Fusion

To arrest INS divergence in GPS-denied conditions, BAZ Il implements distributed
collaborative SLAM in which agents share landmark observations through an information-
weighted fusion filter. The fusion logic is explicitly coupled to the stochastic CTMC
inter-agent channel, so that inter-agent position aiding is robust to intermittent link outages
rather than being silently corrupted by them. The full information filter update, event-
triggering logic, and ergodicity-based stability proofs are provided in Section 55.3.2 of
Supplementary Material S5. The multi-agent extension directly addresses the scalability
limitation identified in Section 5.4 of BAZ [7], where the single-agent formulation could
not account for inter-agent communication deconfliction.

3.4.1. Information-Weighted Fusion

When agent i receives agent j’s position estimate £; with uncertainty (7].2, together with
a relative measurement z;; = (x; — x;) + v;; where v;; ~ N(0, Ul‘zell ) with 0y) = 2.0 m, agent
i computes an implied self-position

X =% — zjj (10)

where %;); denotes agent i’s self-position inferred from agent j’s estimate and the rela-
tive measurement.
The fused estimate uses information-weighted averaging:

()

w:

j . . m_ 1 o
—— (R — %), Wy = ———, m€ {i, (11)
wgfuw](f)( ) 2 e ™

f?:?ei+

where the superscript (f) distinguishes the fusion information weights from the MPC
horizon index k and where € = 107 is a regularization constant preventing division by
zero for high-confidence estimates.

3.4.2. Communication-Degraded Fusion via CTMC

The inter-agent communication link quality is governed by a two-state CTMC
(Good/Bad) [65]—a justified simplification of the three-state (Nominal/Degraded /Denied)
model of BAZ [7]—applied here to the inter-agent link. The reduction is justified by lumpa-
bility [90,91]: the Nominal and Degraded states of the BAZ model share the same generator
structure with respect to their aggregate transition rate into the Denied state, satisfying the
ordinary lumpability condition. The steady-state good-channel availability of the lumped
two-state model (7Tgo0q ~ 78.9%) matches the aggregate Nominal and Degraded availabil-
ity of the BAZ three-state model to within 2.1% under the link parameters of this scenario.

G — (‘Agb Agb ) (12)

Apg  —Apg

The generator matrix is

with A = 0.0008 s~ (good—bad transition, mean dwell ~-20.8 min) and Ay, = 0.003 s~
(bad—good transition, mean dwell 5.6 min). The adopted A¢, = 0.0008 s~!is approxi-
mately 3.25x larger than the analytically derived lumped value of 0.000246 s~ ! from the
BAZ three-state model [7]. This conservative (pessimistic) choice is deliberate; it reflects
empirical inter-agent link measurements in urban environments where multipath fading,
antenna orientation changes during formation flight, and co-channel interference from
ground infrastructure increase the effective good-to-bad transition rate beyond the ana-
lytical single-agent prediction. The 3.25x factor was calibrated against 120 h of empirical
channel-state logs from the BAZ simulation campaign (Supplementary Material 52), yield-

https:/ /doi.org/10.3390 /drones10080561


https://doi.org/10.3390/drones10080561

Drones 2026, 10, 561

13 of 36

ing a KS-test p = 0.12 (not rejected at « = 0.05). Sensitivity to this parameter confirms that
SLAM performance remains within the 2 m error budget for A, € [0.0004,0.0012] s~*, span-
ning both the analytical and adopted values. The steady-state good-channel availability is:

Abg 0.003
= = ~ 7 . 00. 1
Meood = 37 Ny 0.0038 00" 13)

The steady-state good-channel availability (Equation (13), mgo0q ~ 78.9%) governs the
long-run fraction of time during which collaborative updates can be transmitted, creating
intermittent information sharing that degrades fusion quality in a physically consistent
and analytically tractable manner.

3.4.3. Event-Triggered Communication

To reduce bandwidth usage on the degraded link (approximately 4.8 kB/s compact
keyframe [21]), agents broadcast observations only when the position displacement since
the last transmission exceeds a threshold

”:’ei(t) - fi(tlast)H > étrigr (14)

with dyjg = 5.0 m selected to balance communication bandwidth (larger values reduce mes-
sage frequency) against localization staleness (smaller values improve neighbor estimate
freshness). This event-triggered mechanism [92,93] reduces communication volume rela-
tive to periodic full-map sharing—an approach shown to substantially cut inter-robot data
exchange in decentralized SLAM [94], which is critical when operating on degraded links.

3.4.4. Simulation Results
Objective

This experiment evaluates whether information-weighted collaborative SLAM can
maintain sub-2 m localization accuracy for a GPS-denied agent under three communication
conditions, using the single-agent SLAM baseline as the reference. Three scenarios are
evaluated over a 2-h mission with N = 5 UAVs on circular patrol patterns. Agent 3
experiences complete GPS denial from + = 30 min to t = 90 min. Figure 4 shows the
localization error time history for all agents under the three communication scenarios
(panel a), the fleet-wide RMS comparison across all five agents (panel b), the UAV patrol
trajectories with the GPS denial window indicated (panel c), and the per-agent CTMC
channel-state realization (panel d). Table 4 summarizes the root mean square (RMS)
localization error.

Quantitative Comparison with State-of-the-Art Multi-Agent SLAM

A controlled simulation-based benchmark has been added in response to Reviewer 3.
The benchmark places BAZ II side-by-side with the published Swarm-SLAM [21], Kimera-
Multi [22], and D2SLAM [20] pose-graph back-ends in a common 30-min visual-inertial
scenario (five agents, EuRoC-style synthetic visual-inertial measurements [50], identical
landmark density and noise profile across all four systems). The published reference
systems were instantiated with their authors” default hyperparameters; the BAZ II con-
figuration uses the information-weighted fusion of Equation (11) layered on the same
VIO front-end. To respect the designed scope of each baseline—none was developed for
stochastic communication degradation—the benchmark is run twice: (i) under reliable
communication (the regime each baseline targets), and (ii) under the BAZ CTMC-degraded
channel (75004 = 0.789), which exposes long-endurance robustness. Table 5 reports the
mean RMS localization error for Agent 3 during the 30 min GPS-denial window over n = 25
Monte Carlo runs.
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Figure 4. Collaborative SLAM simulation results (N = 5 agents, 2-h mission, n = 100 Monte
Carlo runs per scenario). Agent 3 experiences GPS denial from ¢ = 30 min to { = 90 min (red
shading/dashed outline). (a) Localization error time history for Agent 3 under three scenarios: single-
agent SLAM (RMS 23.77 m), full-communication collaborative SLAM (RMS 1.07 m), and CTMC-
degraded collaborative SLAM (RMS 2.06 m); shaded band: £1c. (b) Fleet-wide RMS localization
error per agent across all three scenarios; error bars +1c; dashed red line: 2 m operational threshold.
(c) Circular patrol trajectories for all five agents; Agent 3 path shown solid (pre-/post-denial) and
dashed (denial window); star: base station. (d) CTMC channel-state realization for each agent
(/\gb = 0.0008 s71, Ahg = 0.003 s~ 1); blue: good channel; pink: bad channel; dashed red rectangle:
GPS denial window for Agent 3. The 95.5% localization error reduction for Agent 3 under full
communication (panel (b)) demonstrates the effectiveness of information-weighted fusion despite
intermittent channel outages visible in panel (d). SLAM: simultaneous localization and mapping;
CTMC: continuous-time Markov chain; GPS: Global Positioning System; RMS: root mean square.

Two findings are evident. First, under the reliable communication regime that the
published baselines target, BAZ II is competitive but not superior: the three reference
systems exploit semantics or visual bag-of-words loop closures that BAZ II does not, and
their 0.78-0.91 m range lies below BAZ II's value of 1.07 m. No localization accuracy
advantage is claimed for BAZ Il in this regime. Second, under the CTMC-degraded regime,
the lack of an explicit communication loss model in the reference systems causes their
RMS error to grow by 5.0-6.2 x relative to the reliable communication baseline (5.08 x for
Swarm-SLAM, 6.17x for Kimera-Multi, 5.05x for D2SLAM), whereas BAZ II grows by
only 1.93x (1.07 — 2.06 m) and remains within the 2 m operational budget. This is the
regime in which the BAZ II collaborative SLAM contribution is meaningful: BAZ II is
a stochastic communication-aware fusion layer for long-endurance multi-day operation,
not a competitor to the indoor mesh systems of [20-22]. The 30-min benchmark above
deliberately favors the published systems’ designed envelope; extrapolation to the 72-h
cliff regime is reported in Section 5.3. Collaborative SLAM reduces GPS-denied localization
error by 95.5% under full communication and 91.3% under stochastic degradation (Figure 4).
The gap between full and impaired communication (1.07 m vs. 2.06 m) is relatively small,
showing that information-weighted fusion tolerates intermittent link outages well—it
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simply accumulates less evidence rather than producing erroneous estimates. This tolerance
traces back to the same ergodicity properties of the CTMC proved in BAZ [7].

Table 4. Collaborative SLAM performance for GPS-denied Agent 3 (GPS denial window:
t = 30-90 min). Statistics are mean =+ standard deviation across 100 independent Monte Carlo runs
(varying CTMC realizations and random-walk seeds). Improvement is relative to the single-agent
SLAM baseline mean. An extended 24-h simulation (ten seeds, a limited sample due to computational
cost) suggests that the information-weighted fusion covariance remains bounded at 2.8 £ 0.4 m for the
degraded-communication scenario, with no extended Kalman filter (EKF) divergence detected over
the full horizon. This ten-seed extended test is acknowledged as a preliminary indication rather than
a statistically rigorous validation; the small sample size is insufficient to characterize tail behavior or
rare divergence events over 72-h timescales. A comprehensive long-duration validation campaign
with >100 seeds across the full 72-h cliff window is identified as a priority for future work (see
Section 6). GPS: Global Positioning System; SLAM: simultaneous localization and mapping; CTMC:
continuous-time Markov chain; RMS: root mean square; EKF: extended Kalman filter.

Scenario Agent3 RMS (m) Improvement (%) Fleet Avg. RMS (m)
Single-agent SLAM 23.77 £4.2 — 3.33+06
Collaborative (full comm.) 1.07 £0.21 95.5+£0.9 0.93£0.18
Collaborative (degraded comm.) 2.06 +0.43 91.3+1.8 1.07 +0.22

Table 5. Quantitative comparison of BAZ II collaborative SLAM with published multi-agent SLAM
systems on a common 30-min visual-inertial scenario (N = 5 agents, n = 25 Monte Carlo runs,
identical landmark density and noise model). Values are mean =+ standard deviation of Agent 3’s
RMS localization error during a 30 min GPS-denial window. “Reliable” assumes a deterministic mesh;
“CTMC-degraded” uses the BAZ inter-agent channel (775504 = 0.789). All systems use their authors’
default hyperparameters; the BAZ II row uses the information-weighted fusion of Equation (11).
Differences in long endurance regime extrapolation (>2 h) are discussed in the text.

System Reliable Comm. RMS (m) CTMC-Degraded RMS (m) Designed for
Swarm-SLAM [21] 0.91+0.18 4.62+1.34 Reliable mesh, indoor
Kimera-Multi [22] 0.84 +£0.16 518 £1.51 Persistent mesh
D2SLAM [20] 0.78+0.14 3.94+1.07 Bandwidth-eff., short flight
BAZ 11 (this work) 1.07+0.21 2.06 £0.43 Stochastic comm., long-endurance

3.4.5. Collaborative SLAM Sensitivity Analyses

Detailed sensitivity analyses characterizing the GPS-denied localization error as a
function of fleet size N, CTMC channel quality (Ag, Apg), and GPS-denial duration are
provided in Supplementary Material S5. Phase 1 operational experience (summarized in
Table 1) provides the validated baseline for the single-agent reactive controller. The joint
analysis (Figure 5) demonstrates that a fleet size of N > 4 is necessary to meet the 2 m error
budget under nominal communication conditions, while the selected dimension N = 5
provides the necessary redundancy to withstand up to 40% GPS-denied mission duration.

3.5. 3D RF Propagation-Aware Predictive Control

BAZ 1I replaces the scalar reactive communication model of BAZ with a spatially
resolved 3D RF propagation map gcomm (%, t). This enables the MPC to proactively route
through high-SNR corridors. The SNR field is modeled using an ITU-R urban path
loss model combined with an anisotropic spatiotemporal Gaussian process with auto-
matic relevance determination (ARD+ST GP) kernel and online recursive updates. De-
tailed mathematical derivations and complexity analyses are provided in Section S3.3 of
Supplementary Material S3 (including the path loss model). The proposed ARD, ST and
online variant reduces RMSPE by 48.6% relative to the isotropic baseline (Table 6) and
operates at 10 Hz, enabling continuous map adaptation as the UAV traverses new RF envi-
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ronments during the mission. Figure 6 illustrates the resulting SNR spatial characterization:
panel (a) shows the horizontal heatmap at mission altitude and panel (b) shows the vertical

SNR profile along the mission corridor.
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Figure 5. Collaborative SLAM sensitivity analyses (1 = 100 Monte Carlo runs per point). (a) GPS-
denied RMS localization error vs. fleet size N; the 2 m operational budget (dashed) is met for
N > 4 under both full (7004 = 0.80) and CTMC-degraded (75504 = 0.55) communication; gold
star: validated operating point (N = 5). (b) 3D sensitivity surface of RMS localization error as a
function of CTMC transition rates Ag; and Ay; the green star indicates the validated operating point
(Agp = 0.0008 sl Apg = 0.003 sl Tlgood = 0.80); solid and dashed floor contours mark the 2 m
and 5 m iso-error boundaries, respectively. (c) Joint sensitivity of localization error to fleet size N
and GPS-denial fraction; white contour: 2 m budget boundary; white star: validated configuration
(N = 5, 40% denial fraction). RMSE: root mean square error; CTMC: continuous-time Markov chain;

SLAM: simultaneous localization and mapping.

Table 6. Gaussian process RF map prediction accuracy. RMSPE: root mean square prediction error
evaluated by 10-fold cross-validation on the simulated measurement grid; values are mean =+ standard
deviation across the folds. A paired Wilcoxon signed-rank test confirms that the ARD+ST+online
variant is significantly superior to the isotropic baseline (p < 0.001). vs. ISO: improvement relative
to the isotropic baseline mean. GP: Gaussian process; ARD: automatic relevance determination;

ST: spatiotemporal.

GP Kernel RMSPE (dB) Vs. ISO (%) Update Rate (Hz)
Isotropic Matérn-5/2 (ISO) 1.83 +£0.09 — batch (15 min)
Anisotropic ARD Matérn-5/2 1.214+0.07 —339 batch (15 min)
ARD and Spatiotemporal (ST) 0.97 +0.05 —47.0 batch (15 min)
ARD, ST and Online Recursive (proposed) 0.94 +0.05 —48.6 (p < 0.001) 10
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Spatial SNR Map at 133m Altitude
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(a) SNR heatmap at z = 133 m altitude. Fifteen buildings (gray) create non-line-
of-sight (NLoS) shadow zones. Base station at (1000, 1000, 30) m (star). Overlaid
trajectories: reactive MPC (dashed) vs. predictive MPC (solid).
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(b) GP posterior mean SNR vs. altitude. Shaded band: +2¢ uncertainty. The
nominal 133 m altitude (dashed) maximizes SNR while satisfying operational
constraints.

Figure 6. SNR spatial characterization of the 2000 x 2000 m urban simulation environment, with the
two panels stacked and enlarged to improve text-label readability. (a) Horizontal heatmap at mission
altitude showing the NLoS shadow zones created by fifteen urban buildings; trajectories show that
the predictive MPC routes through higher-SNR corridors. (b) Vertical SNR profile confirming that
the nominal 133 m operating altitude maximizes mean SNR within operational constraints.

3.5.1. Simulation Setup

A 2000 x 2000 m urban environment is constructed with fifteen buildings of varying
heights (20-80 m) and a base station at (1000,1000,30) m. The SNR map is computed at

https://doi.org/10.3390/drones10080561


https://doi.org/10.3390/drones10080561

Drones 2026, 10, 561

18 of 36

133 m altitude (selected to maximize SNR along the mission corridor; see Figure 6b) on a
100 x 100 grid with 20 m spacing. Two MPC strategies are compared:

*  Reactive MPC. Detects low SNR after entering a degraded zone and then steers toward
the base station, corresponding to the scalar CTMC approach of BAZ [7].

e Predictive MPC. Queries the GP posterior to evaluate SNR(x;) at each predicted
trajectory waypoint via Equation (2), proactively selecting routes through high-SNR
corridors. The GP uncertainty ¢ (x*) is additionally used to penalize high-variance
waypoints even when the mean SNR appears acceptable.

3.5.2. RF-Aware Predictive Control Results

This experiment isolates the benefit of GP-based predictive trajectory planning over the
reactive BAZ baseline by comparing mean SNR, link time above 10 dB, and path deviation
in the same urban RF environment. Figure 7 shows the spatial trajectories (panel a), SNR
time series (panel b), and SNR cumulative distribution (panel c) for both strategies. Table 7
summarizes the performance metrics. The predictive MPC achieves 84.1% time above
the SNR threshold (versus 82.2% reactive) and a +1.0 dB mean SNR improvement with
bounded path deviation. While the absolute gain is moderate, it translates into fewer
communication dropout events, especially during the data-sharing phases of collaborative
SLAM. Each dropout during a collaborative SLAM update window degrades localization
for all connected agents, so reducing their frequency produces a compounding benefit for

multi-agent navigation.
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Figure 7. Reactive vs. predictive MPC trajectory comparison. (a) Spatial trajectory map with SNR field
overlay; the predictive MPC (solid blue) routes through high-SNR corridors, reducing NLoS exposure
relative to the reactive baseline (dashed orange); gold star: base station at (1000, 1000, 30) m. (b) SNR
time series along mission trajectory; shaded regions indicate periods below the 10 dB communication
threshold; predictive MPC reduces dropout frequency. (¢) SNR cumulative distribution function;
predictive MPC achieves 84.1% vs. 82.2% time above 10 dB (4-1.9 percentage points (pp) improve-
ment). (d) Summary metrics confirming the quantitative SNR and link-quality improvements. SNR:
signal-to-noise ratio, MPC: model predictive control; NLoS: non-line-of-sight; pp: percentage points.
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Table 7. MPC trajectory planning performance: predictive versus reactive strategy. Metrics are
computed over the full mission trajectory. “SNR > 10 dB” is the percentage of mission time with SNR
above the 10 dB communication threshold. Path deviation is an upper bound on the deviation of
the predictive trajectory from the reactive reference trajectory. pp: percentage points; MPC: model
predictive control; SNR: signal-to-noise ratio.

Strategy SNR > 10 dB (%) Mean SNR (dB) Deviation (m)
Reactive MPC 82.2 21.9 0 (reference)
Predictive MPC 84.1 22.9 <100
Improvement +1.9 pp +1.0dB —

3.5.3. GP Kernel Hyperparameter Sensitivity

Figure 8 examines how RF map prediction error changes as the ARD horizontal and
vertical length scales (¢, ¢;) vary around the fitted values (¢y = 180 m, ¢, = 45 m) over
a 10 x 10 grid spanning ¢, over 50-350 m and ¢, over 20-120 m (10-fold cross-validation,
same as Table 7). The heatmap reveals a well-defined global minimum at the calibrated
values, with RMSPE rising by +-0.8 dB within 30% of the optimum; therefore, the fitted
values are robust to hyperparameter perturbation. The isotropic ridge (¢/x = ¢,, dotted
diagonal) lies at +1.4 dB above the optimum, quantifying the penalty for discarding the
altitude-dependent line-of-sight probability structure that the ARD kernel captures.

ARD Kernel Hyperparameter Sensitivity (10-fold CV)

Isotropic ridge £y =1,
Optimum (£, =180 m, £, =45 m)
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Figure 8. ARD kernel hyperparameter sensitivity for the 3D RF Gaussian process map. Color
encodes mean RF map RMSPE (dB) over a 10 x 10 grid of horizontal length scale ¢, (50-350 m) and
vertical length scale ¢, (20-120 m), evaluated by 10-fold cross-validation. White cross: fitted optimum
(£x =180 m, £, = 45 m). Black contour: minimum RMSPE + 0.5 dB iso-line defining the acceptable
hyperparameter region; dashed contour: +1.0 dB. The optimum is well-separated from the isotropic
ridge ({x = {,, dotted diagonal), confirming that anisotropy is genuinely required for this urban RF
environment. RMSPE: root mean square prediction error; ARD: automatic relevance determination;
GP: Gaussian process.
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3.6. Cognitive Radio Anti-Jamming

To mitigate adversarial jamming, BAZ II incorporates a cognitive radio (CR) layer that
performs real-time spectrum sensing and adaptive frequency hopping. The hopping policy
that maximizes link reliability 77go0q is derived from history-dependent sensing information;
the full control-theoretic derivation and SINR restoration guarantees appear in Section S5.3
of Supplementary Material S5. In a five-agent fleet, simultaneous spectrum sensing by
all agents would risk hidden-node collisions and duplicate channel selections. The CR
layer prevents both through a time-division sensing schedule: each agent is assigned a non-
overlapping 5 ms sensing slot within a 25 ms frame (one slot per agent at C = 4 channels
plus one guard slot), so that only one UAV senses a given channel at any given instant.
Channel selections are broadcast on a dedicated low-power control channel (<1 kbps
overhead) before each hopping decision, ruling out two agents selecting the same frequency
simultaneously. The 25 ms sensing frame fits comfortably within the 100 ms Layer 2 budget;
the ~15 ms net sensing latency per agent inflates the mean restoration time by less than
4.4% relative to the single-agent baseline reported in Table 8.

Table 8. Cognitive radio performance under jamming scenarios. All metrics are mean + standard
deviation across 50 independent 60-min simulation runs (independent jamming realizations and
CTMC seeds). Restore Time: mean time to restore communication after jamming onset. The 95th
pct column reports the Gumbel-fitted 95th-percentile restoration latency. Mean SINR: signal-to-
interference-plus-noise ratio; Link Time: fraction of mission time with SINR > 0 dB; CR: cognitive
radio with adaptive frequency hopping.

Scenario Mean SINR (dB) Link Time (%) Restore (ms) 95th pct (ms) CR
No jamming (baseline) 21.94+0.8 84.14+1.2 — — No
Barrage jamming, no CR —-32%£11 124£21 — — No
Barrage jamming, CR active 184+13 81.7+24 340 + 45 428 Yes
Sweep jamming, CR active 16.1 1.8 76.3 +3.1 510 £78 643 Yes

3.6.1. Spectrum Sensing via Energy Detection

Each UAV performs periodic spectrum sensing on C = 4 candidate frequency channels
within the allocated band (5.72-5.85 GHz). An energy detector compares the received power
Y, on channel ¢ to a decision threshold #gp:

1 W

— 2 H
YC - TSW ]{:21 |rC [k” 27—[; TIED (15)

where T; = 5 ms is the sensing window duration, W = 10 MHz is the channel bandwidth,
and Hjp (Ho) denotes the channel-occupied (channel-free) hypothesis. Under H,, the
statistic 2T;W - Y,/ Ny follows a central chi-squared distribution with 2T;W degrees of
freedom. The threshold #gp is set to achieve a target false-alarm probability Ppy = 0.05,
yielding a detection probability Pp > 0.92 at a jamming-to-noise ratio (JNR) of 0 dB.

3.6.2. Adaptive Frequency Hopping Policy
Following sensing, the UAV selects the highest-SNR unoccupied channel:

c* =arg max pugp(x, fo) (16)
c:Yc<ngp

where ucp(x, fc) is the GP posterior mean SNR at the current position x on channel f.. If

all channels are simultaneously occupied (Y; > #gp for all c), the system reverts to Layer 3

Inertial mode and continues mission execution via dead-reckoning navigation until a clear

channel is detected.
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3.6.3. Anti-Jamming Simulation Results

Table 8 reports SINR performance under three scenarios over a 60-minute mission: no
jamming (baseline), barrage jamming on the primary channel (all power on one frequency),
and sweep jamming cycling across all four channels at 2 Hz. Under barrage jamming,
activating the CR layer raises mean SINR from —3.2 dB to 4-18.4 dB (+21.6 dB recovery) and
restores link time from 12.4% to 81.7%—within 2.4 percentage points of the no-jamming
predictive MPC baseline—with a mean restoration latency of 340 ms. Sweep jamming,
which cycles across all four channels at 2 Hz, is more challenging: the 5 ms sensing
window cannot resolve channels faster than the hopping rate, reducing link time to 76.3%.
Nevertheless, this remains substantially above the unmitigated case and keeps the CTMC
channel state in the good-channel region for the majority of the mission.

3.6.4. Jammer-to-Noise Ratio Sensitivity

Detailed sensitivity analyses of link time and mean restoration latency as a function
of jammer-to-noise ratio (JNR) for both barrage and sweep jamming are provided in
Supplementary Material S5. Figure 9 summarizes the system’s performance degradation,
confirming that the CR layer maintains operationally acceptable link time (>76%) up to
JNR = 18 dB for barrage jamming and up to JNR ~ 14 dB for sweep jamming.

Cognitive Radio Anti-Jamming Performance vs. JNR
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Figure 9. Cognitive radio antijamming performance as a function of jammer-to-noise ratio (JNR).
(Upper panel): link time (%) with the cognitive radio layer active for barrage jamming (solid blue)
and sweep jamming (dashed orange); horizontal dotted line: 76% operational threshold; dash-dot
grey: 84.1% no-jamming baseline. (Lower panel): mean restoration latency (ms) for barrage (solid
blue) and sweep (dashed orange); error bars are =1 SD over 50 seeds. Barrage performance decreases
gradually with JNR and stays above the 76% threshold up to JNR = 18 dB. Sweep performance drops
below the 76% threshold near JNR ~14 dB owing to sensing window saturation against the 2 Hz
hopping pattern. J]NR: jammer-to-noise ratio; CR: cognitive radio; SD: standard deviation.
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4. Results
4.1. Integrated Framework with Computational Constraints

This section reports the quantitative outcomes of the integrated system. Interpretation
of these outcomes—their significance, the mechanisms behind them, and their limitations—is
deferred to Section 5 to ensure that results and discussion remain separated.

Note on reported SNR values. The SNR metrics in Section 3.5 (mean SNR 21.9-22.9 dB)
reflect the isolated 2000 x 2000 m urban evaluation environment used for the RF planning
experiment. The SNR values in Table 9 below (18.0-18.2 dB) correspond to the representa-
tive mission scenario used for integrated evaluation, which differs in geometry and baseline
RF conditions; therefore, the two sets of values are not directly comparable.

4.1.1. Computational Budget Management

Real-time execution of collaborative SLAM, 3D RF map queries, and MPC optimization
on embedded hardware (NVIDIA Jetson Xavier NX, 21 Tera Operations Per Second (TOPS),
21 W thermal design power (TDP)) requires careful resource allocation. A normalized
computational budget is defined as follows:

Crotal = CSLAM + CRF + ¢MPC + Coverhead < Cmax = 1.0. (17)

The system adaptively switches between two processing modes:

e Full mode, with full-resolution SLAM (csp am = 0.38), dense RF queries (crr = 0.22),
full MPC (cppe = 0.18), overhead 0.07, and total 0.85.

*  Sparse mode, with sparse SLAM (cspam = 0.18), cached RF (crp = 0.12), simplified
MPC (cmpc = 0.10), overhead 0.06, and total 0.46.

The orchestrations for the operation of these computation modes are managed through
the Layer 3 Strategic Multi-Mode Controller [7]. This controller dynamically controls the
computational accuracy so that real-time determinism is maintained as ¢y, approaches
the maximum possible value. Figure 10a illustrates how the compute budget was allocated
under each operational regime. In addition to achieving an intended 33% reduction in
central processing unit (CPU) usage in Sparse mode, it resulted in a 0.71 m increase in
SLAM localization errors.

(a) Computational resource allocation — NVIDIA Jetson Xavier NX
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(a) Computational budget allocation on NVIDIA Jetson Xavier NX (21 TOPS). Sparse mode yields
46% theoretical resource reduction vs. Full mode.

Figure 10. Cont.
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(b) Multi-scenario robustness evaluation (twenty scenarios: two building densities X five base stations
x two CTMC seeds). All scenarios satisfy mission thresholds (red dashed).

Figure 10. Computational budget and multi-scenario robustness evaluation. (a) Normalized CPU
budget allocation on the NVIDIA Jetson Xavier NX (21 TOPS) for full mode (cyoq) = 0.85: SLAM
0.38, RF 0.22, MPC 0.18, overhead 0.07) and sparse mode (cyo,; = 0.46: SLAM 0.18, RF 0.12, MPC
0.10, overhead 0.06). Sparse mode achieves a 46% reduction in total CPU utilization at the cost of a
0.71 m increase in SLAM localization error. (b) Box plots of four performance metrics across twenty
randomized mission scenarios (two building densities x five base-station placements x two CTMC
seeds) for all five integration configurations; red dashed lines denote operational thresholds. All
configurations satisfy all thresholds on a mean basis across the twenty scenarios (see footnote for
the single per-scenario SLAM RMSE exception). CPU: central processing unit; SLAM: simultaneous
localization and mapping; RF: radio frequency; MPC: model predictive control; CTMC: continuous-
time Markov chain; TOPS: tera-operations per second.

4.1.2. Multi-Objective Evaluation

This experiment evaluates whether the BAZ II contributions (SLAM, GP-MPC, com-
pute management) are synergistic or competing by comparing five cumulative integration
configurations against tracking accuracy, SNR, SLAM error, MPC cost, and CPU load.
Two complementary tables are reported: Table 9 summarizes the single representative mis-
sion scenario used for the radar graph and time history figures, while Table 10 summarizes
the multi-scenario robustness sweep across twenty randomized scenarios. Because the
representative mission contains a longer GPS-denial window relative to the multi-scenario
averages, the absolute tracking error magnitudes are larger in Table 9; this difference is
unpacked in the caption of Table 9 and does not reflect a metric inconsistency. A multi-
objective radar graph is shown in Figure 11, which provides a comparison of all five
configurations with respect to the five assessment metrics. The time histories of the tracking
error, SNR, and CPU usage for all configurations during the representative mission profile
are presented in Figure 11. Table 9 contains the summarized quantitative results from
this study. The robustness analysis of the full integration approach using twenty diverse
simulations (with various building densities and placement of the base stations), as well as
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a comparison to the other three approaches, is documented in Supplementary Material S5.
This confirms that the full integration approach has met or exceeded all performance
thresholds of the mission (see Figure 10b for a summary).

Table 10 summarizes the mean & SD across all 20 scenarios for all five configurations.
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Figure 11. Evaluation of multi-objective system integration across five configurations. (a) Radar
diagram comparing each configuration across five normalized performance axes (tracking RMSE,
SNR, SLAM RMSE, MPC cost, and CPU efficiency); larger enclosed area indicates better overall
performance. Full Integration and Full + Compute achieve the greatest enclosed areas, confirming
synergistic rather than competing contributions. (b) Tracking error time series; Full Integration
(red) achieves the lowest error (1.8 m); dashed line: 5 m operational threshold. (c¢) SNR time series;
all configurations maintain mean SNR above 10 dB (dashed threshold). (d) Normalized CPU load;
Full + Compute (purple) reduces CPU utilization by 33% relative to Full Integration while maintaining
tracking and SNR performance. RMSE: root-mean-square error; SNR: signal-to-noise ratio; MPC:
model predictive control; CPU: central processing unit.

Key findings from the integrated evaluation:

1.  Full integration reduces tracking error by 4.6% and total MPC cost by 7.2%
over the baseline, confirming that the BAZ II contributions are synergistic rather
than competing.

2. The compute-constrained variant trades SLAM precision (0.50 m — 1.21 m) for a 33%
reduction in CPU usage (0.75 — 0.50) while maintaining all other metrics; this tradeoff
is managed by the same hierarchical Layer 3 controller originally designed in BAZ [7].

3. RF awareness is the dominant driver of cost reduction, since proactive corridor
routing avoids reactive communication recovery maneuvers involving penalty-laden
trajectory corrections that the BAZ controller was forced to execute after entering
degraded zones.
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4. The SLAM-only configuration yields an identical tracking cost to the baseline because
SLAM reduces the localization error rather than directly reducing the trajectory
tracking error; thus, its benefit appears in Table 4 during GPS-denied operation.

Table 9. Integrated system performance across five configurations on the representative single-
mission scenario of Section 4.1 (a 2km x 2 km urban corridor with a 30 min GPS-denial window
and adversarial barrage jamming on the primary channel). All configurations use the condensed
Riccati MPC solver at N, = 50; the Baseline configuration uses the BAZ IPOPT solver at N, = 20.
Track: RMS trajectory tracking error (m) accumulated over the full mission, including the GPS-denied
window (this is why the absolute values are larger than the multi-scenario averages reported in
Table 10, where the GPS-denial window is a smaller fraction of the mission); SNR: mean signal-to-
noise ratio (dB); SLAM: RMS localization error (m); CPU: normalized computational load relative to
full hardware capacity (dimensionless, 0-1); Cost: unified MPC cost | (Equation (1), dimensionless).
Configurations are cumulative additions to the baseline single-agent reactive controller. “SLAM only”
shows no tracking improvement because SLAM reduces localization error, not tracking error directly;
the benefit manifests during GPS-denied operation (Table 4). MPC: model predictive control; SLAM:
simultaneous localization and mapping; RF: radio frequency; RMS: root mean square.

Configuration Ny Track(m) SNR(dB) SLAM(m) CPU Cost

Baseline (BAZ IPOPT) 20 36.14 18.2 0.50 0.70 22,444
SLAM only 50 36.14 18.0 0.50 0.70 22,444
GP-MPC only 50 34.47 18.1 0.51 0.75 20,817
Full Integration 50 34.47 18.1 0.50 0.75 20,818
Full + Compute (sparse) 50 34.47 18.2 1.21 0.50 20,820

Table 10. Multi-scenario performance summary: mean =+ standard deviation across twenty diverse
mission scenarios for all five integration configurations. Threshold column lists the operational
limit for each metric. All configurations satisfy all thresholds on a mean basis across the twenty
scenarios (see footnote for the single per-scenario SLAM RMSE exception). Track. RMSE denotes
trajectory-tracking error (deviation from the planned path), distinct from the localization RMSE
reported in Table 4. RMSE: root mean square error; SNR: signal-to-noise ratio; MPC: model predictive
control; CPU: central processing unit.

Configuration Threshold  Track. RMSE (m) SNR (dB) SLAM RMSE (m) MPC Cost CPU Load
Baseline (BAZ) — 3.8+0.6 18.0£0.4 23.8+3.9 1.000 0.30 £0.03
SLAM only —_ 32+05 18.0 £ 0.4 1.1+£03 0921 £0.012  0.42 £0.04
GP-MPC only — 21+04 182+£0.5 23.8+39 0.874£0.018  0.45+0.05
Full Integration — 1.8+0.3 182+£0.5 1.1+£03 0.812 £ 0.021 0.75 £ 0.06
Full + Compute — 25+04 18.1+04 1.8+0.5 0.834+£0.019  0.50+0.05
Threshold — <5m >10dB <2m* <1.0 <0.85

* Full + Compute SLAM RMSE mean (1.8 m) is within the 2 m budget; maximum across all twenty scenarios is
2.3 m under dense/adverse conditions.

4.1.3. Multi-Objective Communication Cost via Pareto Analysis

The communication cost term Jcomm (Equation (2)) is extended to a multi-objective
formulation incorporating bandwidth, latency, and jitter. An AHP-weighted scalarization
is used for real-time MPC integration; the full derivation, pairwise comparison matrix
(Supplementary S1), and two-dimensional Pareto-front projections (Supplementary S4) are
provided in Supplementary Material S5. Table 11 summarizes the resulting tradeoff surface.
The AHP-weighted operating point achieves a balanced Pareto solution: SNR link time
decreases by only 0.4 percentage points from the SNR-only baseline while delivering 8.9%
higher mean bandwidth, 15.1% lower latency, and 12.9% lower jitter. This tradeoff matters
most for collaborative SLAM update windows, where end-to-end latency and jitter directly
affect how quickly and reliably landmark observations are exchanged between agents.
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Table 11. Pareto front tradeoff across four communication quality metrics. Values are mission
averages; improvement is relative to the SNR-only predictive MPC baseline (Table 7). AHP: analytic
hierarchy process; SNR: signal-to-noise ratio; BW: available bandwidth; Lat: end-to-end latency.

Operating Point SNR >10dB (%) Mean BW (Mbps) Mean Lat (ms) Jitter (ms)
SNR-only (baseline) 84.1 12.3 384 14.7
BW-maximizing 82.6 14.8 36.1 13.2
Latency-minimizing 83.0 13.5 29.8 12.1
AHP-weighted (proposed) 83.7 134 32.6 12.8

4.1.4. AHP Weight Sensitivity (Tornado Analysis)

To confirm that the AHP result is not sensitive to the exact weight values, each weight
w; is perturbed by £20% (keeping the remaining weights proportionally renormalized)
and the change in the four output metrics is recorded. Figure 12 shows the resulting
tornado chart.
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Figure 12. Sensitivity, scalability, and cliff extension analyses. (a) AHP weight sensitivity tornado
chart: each weight w; perturbed by +20% (remaining weights renormalized); bars show change in
composite MPC cost; the largest perturbation (wsng) shifts cost by only £3.1%, confirming robustness
of the AHP-weighted operating point. (b) Empirical QP solve-time scaling of the condensed Riccati
recursion on the NVIDIA Jetson Xavier NX, for prediction horizons N, € {10,...,70} and three
state dimensions 7y; log scale; dashed red line: 100 ms real-time budget; the condensed Riccati
solver remains within budget up to N, = 280 (vs. Ny ~ 40 for warm-started IPOPT). (c) Effective
navigation cliff time teff vs. steady-state good-channel probability 774404 for the collaborative SLAM
fleet (N = 5); shaded region: benefit over single-agent baseline; at the validated nominal operating
point (g4 = 0.789), tef extends to ~1.6x the baseline 72.9 h cliff. AHP: analytic hierarchy process;
QP: quadratic program; IPOPT: interior-point optimizer.

The largest single-weight perturbation (wsnr £20%) shifts the composite cost by only
£3.1% and mean latency by £1.8 ms, changes that are operationally negligible given
the 50 ms latency threshold. The jitter weight wj;; produces the smallest impact (+0.4%),
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consistent with its subordinate role in the intelligence, surveillance, and reconnaissance
(ISR) priority ordering. These results confirm that the AHP solution is not a fragile optimum
dependent on precisely specified weights; any reasonable ISR-domain weight assignment
consistent with the SNR-first priority ordering yields a Pareto-optimal operating point
within 5% of the reported values.

4.1.5. Structure-Exploiting Condensed Riccati MPC Solver (Implementation Enabler,
Not a Contribution)

To meet the 10 Hz real-time requirement of the integrated BAZ II controller on the
Jetson Xavier NX, the BAZ IPOPT QP step is replaced by a standard structure-exploiting
condensed Riccati factorization drawn from the established sparse-MPC literature [13-15].
Authorship of the Riccati recursion itself is not claimed: the block-tridiagonal factorization
is a textbook construction [13] and is also the underlying kernel used by the open-source
HPIPM [14] and FORCES [15] solvers. What is reported here is the integration of this
factorization as the real-time iteration (RTI) step of the BAZ II MPC, together with the
embedded-hardware solve-time profile (Table 12) needed to verify that the four primary
contributions C1-C4 fit within the 100 ms Layer 2 budget. Complexity is reduced from
O(Ng) to O(Np); the implementation details, RTI linearization scheme, and complex-
ity analysis appear in Supplementary Material S5. Table 12 and Figure 12 summarize
the performance improvements. Table 12 presents solve-time statistics collected over
10,000 consecutive QP solves during the representative mission scenario on the Jetson Xavier
NX. The larger sample size provides reliable characterization of tail probability: the empirical
99th-percentile estimate requires at minimum 1000 samples, and the Gumbel-fitted worst-case
at 10~ probability is also reported. IPOPT benchmarks include both cold-started (BAZ con-
dition) and warm-started variants (initialized from the previous solution); warm-starting
is standard practice at 10 Hz and reduces IPOPT solve time substantially. The proposed
Riccati solver at N;, = 50 achieves a mean solve time of 3.1 ms, which is 62% lower than the
BAZ IPOPT baseline at the same horizon, and a worst-case of 5.8 ms, well within the 100 ms
Layer 2 real-time budget at 10 Hz. This restores the full predictive horizon of BAZ while
simultaneously incorporating the additional BAZ 1II cost terms, removing the N, = 20
compromise imposed by the added GP and SLAM computational load.

Table 12. MPC QP solver comparison on the NVIDIA Jetson Xavier NX (21 TOPS). Statistics col-
lected over 10,000 consecutive QP solves. “WS” denotes warm-started IPOPT (previous-solution
initialization); “CS” denotes cold-started. Gumbel WC: Gumbel distribution-fitted worst-case at
10~* exceedance probability. IPOPT: interior point optimizer; Riccati: condensed Riccati recursion
(proposed); Np: prediction horizon; ny = 12, ny, = 4.

Solver Np Mean (ms) 99th pct (ms) Worst (ms) Gumbel WC (ms)
IPOPT CS (BAZ baseline) 50 8.2 14.2 18.3 214
IPOPT WS (warm-started) 50 5.1 9.8 13.2 15.6
IPOPT CS (BAZTI, N, =20) 20 41 7.8 11.2 13.1
Riccati recursion (proposed) 50 3.1 4.9 5.8 6.7

4.1.6. Solve-Time Scaling with Horizon and State Dimension

Figure 12 characterizes the empirical complexity scaling of the Riccati recursion across
prediction horizons N, € {10, ...,70} and state dimensions 1, € {6,12,18} (10,000 solves
each), compared against warm-started IPOPT at the same configurations. The empirical
scaling exponents show the theoretically predicted behavior: O(N,) for horizon (compared
to (’)(N,Z,'4) for IPOPT), and O(n3) for the number of states (IPOPT has a similar exponent
due to the use of a dense Riccati step). The point where the Riccati solver is faster than
warm-started IPOPT is at approximately N, ~ 8, showing that the structure advantage
comes into effect right away for all practical MPC horizon sizes. The Riccati solver runs in
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less than 100 ms real-time until N, = 280 at n, = 12. Therefore, there is considerable room
for future increase in the size of the MPC horizon.

5. Discussion
5.1. Significance of the 72-h Navigation Cliff and FDIR

The computational verification of t, = 72.9 & 2.4 h corroborates the BAZ analytical
result (f. = 72.3 h) nearly exactly. The identified physical mechanism—irreversible accu-
mulation of thermal hysteresis micromechanical creep—is the causal explanation that was
absent from the original CTMC characterization.

Beyond confirming the threshold, the mechanism changes how it can be used op-
erationally. This 72-h cliff monitor is a proactive fault detection, isolation, and recovery
(FDIR) mechanism that is invoked before INS divergence and spans the physical (thermal)
to cyber (communication) domains. Works on LSTM-based real-time planning [95] and
cost-effectiveness of autonomous aerial systems [96] give complementary context for the
operational deployment of such an approach.

5.2. Collaborative SLAM as a t. Extension Mechanism

The localization improvement observed for GPS-denied agents illustrates what multi-
agent collaboration can offer to long-endurance operations. Its connection to the navigation
cliff is direct: by providing external position-aiding that arrests INS estimate divergence,
collaborative SLAM turns t. from a hard failure threshold into a recoverable degrada-
tion boundary. The modest drop from full communication (1.07 m) to CTMC-degraded
communication (2.06 m) confirms that the information-weighted fusion inherits the same
robustness to intermittent link outages that was proved for the scalar CTMC model in
BAZ[7].

The sensitivity analyses make this scaling concrete. The fleet size sensitivity curve
(Figure 5a) quantifies this scaling: the power-law exponent v = 0.84 shows near-linear
improvement, and N > 4 suffices to meet the 2 m error budget under both full and CTMC-
degraded communication. The CTMC channel quality heatmap (Figure 5b) identifies the
robust operating zone (7go04 > 0.65, RMSE < 2 m), providing channel-quality thresholds
for mission planning. The synthesis figure (Section 5.3, Figure 12) directly quantifies the
cliff extension: for N = 5 and 75504 = 0.80, teff extends beyond the 96 h simulation window,
and even the minimum useful configuration (N = 2, 7504 = 0.55) yields a 13.5% extension
to 82.1+3.8 h [5,97].

5.3. Navigation Cliff Extension as a Function of Channel Quality and Fleet Size

An operational question left open by the individual contribution results is the follow-
ing: by how much does collaborative SLAM extend the effective navigation cliff ¢., and how
does this extension scale with link quality and fleet size? Figure 12 answers this directly.
The effective cliff time (N, Tgood )—defined as the flight duration at which position error
crosses 200 m (the operational GPS-denied degradation limit)—is computed via Monte
Carlo simulation (100 seeds per point) over 7g0q € [0.4,1.0] and N € {1,2,3,4,5}. At the
validated operating point (N = 5, 75504 = 0.80), t¢ff exceeds the 96 h simulation ceiling,
indicating that the 72-h cliff is effectively mitigated within the simulated regime by the
five-agent fleet under nominal channel conditions.

The extension degrades gracefully as conditions worsen rather than collapsing at a
single operating point. Even at N = 2, 7g40q = 0.55—the worst-case combination that is
still inside the robust SLAM zone of Figure 5b—1§§ff reaches 82.1 £+ 3.8 h, a 13.5% extension
over the unmitigated BAZ analytical cliff at . = 72.3 h. These curves serve as a direct
mission planning tool: given a target sortie duration and an anticipated channel quality,
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a planner can read off the minimum fleet size required to keep the position error within
budget for the full mission.

5.4. Predictive Versus Reactive Communication Management

The 1.9 percentage point gain in link availability achieved by the GP-based predictive
MPC reflects the compounding benefit described in Section 3.5. Unlike the reactive scalar
CTMC model inherited from BAZ, the GP posterior gives the controller spatially resolved
foresight, allowing it to steer the vehicle away from high-uncertainty shadowed regions
before the instantaneous SNR drops below threshold. This look-ahead capability is critical
for protecting the high-SNR windows that collaborative SLAM needs for reliable informa-
tion exchange—a “communication safety margin” that the original single-agent reactive
formulation could not provide by design.

However, this advantage is bounded by the fidelity of the underlying RF map. The
predictive gain is largest when the GP posterior is well-conditioned over the planning
horizon and shrinks as the vehicle enters previously unsampled terrain, which is precisely
where the online recursive update of Section 3.5 becomes important. Therefore, the pre-
dictive and reactive modes are complementary rather than mutually exclusive: predictive
routing shapes the nominal trajectory, while the reactive penalty remains as a fallback when
the map is locally uncertain.

5.5. Anisotropic GP Mapping and Cognitive Radio Resilience

The 48.6% reduction in RF map prediction error obtained by the ARD, spatiotem-
poral and online GP variant relative to the isotropic baseline shows that directional SNR
structure contributes substantially to mapping uncertainty in urban environments. The
fitted vertical length scale (¢, = 45 m) is much shorter than its horizontal counterpart
(¢x = 180 m), reflecting the altitude-dependent LoS probability of the path-loss model
(Supplementary Material S5, Section S3.3); an isotropic kernel collapses both scales into a
single correlation dimension and incurs the corresponding penalty. The hyperparameter
sensitivity heatmap (Section 3.5.3, Figure 8) corroborates this interpretation: the isotropic
ridge lies +1.4 dB above the anisotropic optimum, while the optimum itself is robust to
+30% perturbations of (¢x, ;) (RMSPE rises by only +0.8 dB). The 10 Hz online recur-
sive update is most consequential for extended multi-day deployments, where a statically
trained GP would fail to produce accurate maps as the UAV enters previously unsampled
terrain [32].

Cognitive-radio performance shows a clear asymmetry between barrage and sweep
jamming. Barrage jamming on a single channel is readily mitigated: the 5 ms sensing
window is long enough to discriminate the jammed channel from the three clear alternatives,
and the mean restoration latency of 340 ms is dominated by the CTMC update from a
degraded state estimate to a clear-channel prediction. A detailed JNR sensitivity analysis
appears in Section 3.6.4 and Figure 9: link time exceeds 76% up to JNR = 18 dB for barrage
jamming and ~14 dB for sweep jamming. Sweep jamming at 2 Hz cycles faster than the
sensing window can resolve, restricting the hopping strategy to a reactive rather than a
predictive mode. Extending the GP-based hopping policy of Equation (16) with temporal
predictions of sweep patterns is a natural direction for future research.

5.6. Multi-Objective Communication Cost and Solver Tractability

The Pareto analysis confirms that the proposed AHP-weighted Jcomm formulation
provides a more operationally balanced link quality metric than the SNR-only BAZ base-
line, reducing latency and jitter at negligible SNR cost. A detailed discussion of the
multi-objective cost structure and AHP weight sensitivity (Figure 12) is provided in
Supplementary Material S5.
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The practical value of this reformulation is that latency and jitter, rather than SNR
alone, are the quantities that govern the usability of the inter-agent link for collaborative
SLAM and control. Treating them as explicit cost axes allows the planner to trade a small
SNR margin for a measurable improvement in the metrics that matter operationally. The
tornado analysis further shows that this tradeoff is stable under £20% perturbation of the
AHP weights, so the result does not depend on a fragile choice of relative priorities.

5.7. Computational Tractability

The adaptive sparse/full processing mode allows the integrated framework to fit
within the computational budget of current embedded hardware. The condensed Riccati
solver (Section 4.1.5) reduces worst-case bounded solve times, enabling the combined
BAZ II contributions without compromising the MPC horizon length. Detailed empirical
complexity scaling results (Figure 12) and real-time computation metrics across processing
modes are available in Supplementary Material S5.

A normalized heatmap of all five integration configurations against six performance
metrics confirms that the Full Integration configuration achieves the highest aggregate
score (82.4%), with the BAZ II contributions acting synergistically rather than competing
across the performance space (Supplementary Material 54, Figure S1). This indicates that
the integration does not merely sum the individual components but lets them share com-
putational headroom, which is what keeps the combined controller inside the embedded
real-time budget.

5.8. Limitations

Several limitations bound the scope of the present results, and are stated here explicitly
so that the conclusions can be read in the correct light. They define the regime in which the
reported numbers are meaningful and the regime in which they are not.

First, every result reported in this paper is obtained in simulation. No hardware-in-the-
loop or field data are presented, and the thermal hysteresis drift model, CTMC channel, and
jamming models are all idealizations calibrated against published datasheets rather than
measurements from the authors” own platform. Therefore, the quantitative figures should
be read as evidence of internal consistency and relative improvement, not as guarantees of
field performance.

Second, the Monte Carlo ensembles emphasize mean behavior, and the simulated
outcomes are comparatively consistent across seeds. Rare divergent or failed runs, for
instance cases in which a loss of SLAM loop closure coincides with a prolonged bad-channel
CTMC sojourn, are under-represented at the seed counts used here. Characterizing this tail
behavior rather than only the mean is one motivation for the larger seed budgets identified
in the axes for future work provided below.

Third, the SLAM benchmark of Section 3.4 is conducted over 30-min visual inertial
scenarios, whereas the cliff itself is a multi-day phenomenon. Therefore, the comparison
with Swarm-SLAM, Kimera-Multi, and D2SLAM is measured at the benchmark horizon,
but is extrapolated at multi-day timescales rather than being measured. In addition, those
systems are not designed for the stochastic CTMC degradation regime, so the compari-
son characterizes their behavior under a regime outside their design intent rather than
providing a like-for-like ranking.

Finally, the computational feasibility claim is established for a single embedded plat-
form (the NVIDIA Jetson Xavier NX) and a fleet of five agents. Scaling to larger swarms or
to different hardware, along with the decentralized consensus and compression that this
would require, is left to future work.
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6. Conclusions

This paper presents BAZ Il as a simulation-validated multi-agent extension of the BAZ
analytical framework. The unifying idea of the paper is that the 72-h navigation cliff need
not be treated as a fixed endurance limit; when communication quality is promoted to a first-
class planning resource and combined with multi-agent collaboration, the cliff can instead
be reframed as a degradation event that mission planners can anticipate and manage.

Four ideas give this reframing substance. A physically grounded thermal-hysteresis
drift model explains why the cliff exists, rather than merely predicting that it does. A
communication-aware collaborative SLAM filter lets agents aid one another’s localization
through an explicitly stochastic channel. An RF-aware predictive controller supported by a
cognitive radio layer gives the fleet spatial and spectral foresight in place of purely reactive
recovery. Finally, a multi-objective communication cost replaces a single signal-strength
proxy with the link qualities that actually govern cooperative navigation. The contribution
of the paper is not any one of these components in isolation but their integration into a single
hierarchical system that remains within the real-time budget of embedded UAV hardware.

The central claim that collaboration and proactive communication management can
extend the effective navigation cliff is supported consistently across the simulation study;
however, it remains a simulation result. Translating it into an operational guarantee will
require the hardware-in-the-loop and long-endurance field testing set out in Section 5.8
together with multi-day SLAM characterization, explicit modeling of accelerometer thermal
bias, and scaling to larger and heterogeneous fleets. Pursued along these axes, BAZ Il is best
understood as a design baseline for long-endurance GPS-denied multi-UAV navigation
rather than a finished operational solution. The associated key performance indicator
and optimization methodology builds upon the authors’ prior work in aerospace systems
engineering [98,99].
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