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Abstract

Autonomous underwater vehicles require the integration of inertial, velocity, optical, and
acoustic measurements for reliable underwater navigation where GPS signals are unavail-
able or intermittent. During a mission, the utility of these modalities may vary due to
changes in environmental visibility, Doppler velocity log tracking, acoustic geometries,
or available infrastructure. While conventional approaches account for these differences
with fixed measurement-level adaptations, they are insufficient to address the need to
adjust the navigation modality used. We introduce a mode-aware multimodal navigation
system that determines its current capabilities based on available sensor and estimator
evidence and chooses from several distinct optical, DVL/inertial, LBL, USBL, relative
dead-reckoning, and terminal navigation modes. We evaluated our proposed architecture
via closed-loop simulation against a well-performing fixed configuration using both pre-
determined testing scenarios and novel dynamically-changing test scenarios. In 400 tests
involving dynamic scenarios, our approach reduced the horizontal root-mean-square error
by 0.4262m (—0.6052m to —0.2608 m at 95% confidence interval) over the pre-selected
configuration while selecting an appropriate viable mode 70.75% of the time during in-
stances of sustained adaptation. Our system also demonstrated better transitions, which
supports continuity and safety, but did not exhibit any measurable advantage in localiza-
tion performance if the preselected fixed configuration was already suitable. Simulation
results indicate that capability-aware navigation can enhance autonomous underwater
vehicle performance when the best sensing configuration becomes unavailable after de-
ployment. We also highlight the importance of switching selectivity as an engineering
design consideration.

Keywords: autonomous underwater vehicle; underwater navigation; multimodal sensing;
adaptive navigation; mode-aware navigation; optical localization; Doppler velocity log;
acoustic navigation; sensor fusion

1. Introduction

Autonomous underwater vehicles (AUVs) are being asked to perform increasingly
complex and demanding survey, inspection, mapping, and intervention missions [1]. A
critical requirement for the success of any AUV mission is a navigation solution that is
sufficiently accurate over the long submerged paths that the vehicle will travel [2]. In the
absence of global navigation satellite system (GNSS) measurements while underwater,
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AUV navigation often relies on fusion of multiple disparate measurements, including
inertial measurements, pressure depth, Doppler Velocity Log (DVL), and absolute position
measurements from optical and acoustic systems [2—4]. The presence and quality of these
measurements vary with the AUV operating environment [1]. For example, underwater
optical localization performance can be affected by water absorption and scattering, light
source intensity, camera field-of-view, illumination, viewing geometry, and distance to
the observed scene [5-8]. Bottom track DVL measurements provide an estimate of AUV
velocity relative to the sea floor, reducing inertial navigation drift [9].

Bottom-track DVL measures motion relative to the seabed, but it also depends on
altitude, beam geometry, and bottom return [9,10]. Water-track DVL measures motion
relative to the surrounding water, and requires an estimate of the current in order to infer
ground velocity [4]. Acoustic positioning offers another source of absolute information [11].
However, long-baseline (LBL) operation requires a transponder field to have been previ-
ously deployed, and ultra-short-baseline (USBL) operation requires a support transceiver,
usually carried by a surface vessel [11,12]. The accuracy and availability of these systems is
dependent on range, geometry, propagation conditions, and whether that infrastructure
is still present [11,13]. It is therefore possible for a pre-launch navigation configuration to
become unsuitable after launch [14]. For example, increasing turbidity may render optical
fixes unavailable while the bottom-track DVL is still functional; a change in altitude may
render the DVL unusable; or an acoustic service may become available, and then degrade,
or disappear again as the vehicle and the support infrastructure move [15]. Continuing
with a fixed combination may increase uncertainty or leave long gaps between absolute
position updates, whereas switching to a viable alternative allows the navigation solution
to remain continuous and safe [14].

There are existing approaches to tackle different parts of this issue. Adaptive and
robust filters modify the weight of measurements according to time-varying uncertainty or
innovation inconsistency [16]. Perception-aware planning changes the vehicle’s trajectory
or sensing geometry to ensure sufficient visual features [17,18] while underwater fault
management can detect and isolate faulty components [19]. These approaches provide
robustness at the estimator and subsystem levels, respectively. What is still missing is a
decision process at the system level when the appropriate navigation configuration changes:
the vehicle needs to know what capabilities are available, choose an absolute or relative
navigation mode that is physically feasible, and enforce that choice when processing future
sensor data, fusing the navigation solution, and controlling the vehicle’s motion.

This paper develops a mode-aware adaptive navigation architecture for this purpose.
The method maintains beliefs about the available capabilities based on the observed per-
formance of the optical, DVL, inertial, acoustic, and estimator systems. It then selects
among six behaviorally distinct navigation modes: optical localization with bottom-track
DVL, optical localization without bottom lock, LBL-aided navigation, USBL-aided navi-
gation, relative dead reckoning, and terminal degraded operation. Acoustic services are
considered only where the required infrastructure is deployed and their current usabil-
ity is established from received evidence. Mode selection therefore changes the aiding
and navigation configuration used by the vehicle, rather than acting only as a label or a
measurement-weight adjustment.

The main contributions are as follows:

1. A multimodal navigation architecture that represents capability above individual
sensor updates and links the selected mode to consequential estimator, sensing, and
vehicle behavior.
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2. An observable-evidence capability manager that distinguishes optical and DVL oper-
ating states from technique-specific LBL and USBL availability while respecting their
physical infrastructure requirements.

3. A closed-loop simulation and evaluation framework for comparing universal fixed,
deployment-informed fixed, reactive-mode-aware, and predictive policies under com-
mon sensor and environmental realizations.

4.  An empirical characterization of the operating regime of online adaptation, showing
improved localization, aiding continuity, and safety when capability changes after
launch, together with its switching and mission-coverage costs.

The evaluation examines two complementary regimes. Scripted conditions test be-
havior when a strong configuration selected from legitimate pre-mission deployment
information remains suitable. Dynamically changing environments test missions in which
optical, DVL, acoustic, current, and infrastructure conditions evolve after launch. To-
gether, these experiments determine whether online mode selection improves navigation
when the best viable configuration changes, while also quantifying its effect on switching,
intervention, mission coverage, and safety.

2. Related Work
2.1. Complementary Underwater Navigation Modalities

Kinsey et al. [3] and Paull et al. [2] describe the standard underwater navigation
suite and the persistent challenge of bounding inertial drift without continuous external
positioning. Integration of DVL and inertial data works well as long as velocities are
observed, but when they are not, the reliance on inertial modelling, water-track analysis,
and absolute fixes becomes more critical [4]. Recently, INS/DVL systems with resilience
to anomalies have been developed that identify anomalous beams and recover missing
velocities, while robust adaptive filters adaptively model the changing noise levels to down-
weight DVL outliers and outages [20,21]. Such methods rely on a particular configuration
of inertial and DVL data.

Visual navigation provides precise information at short ranges and has been reviewed
in [22], and experimental results indicate that visual odometry performance is strongly
affected by turbidity and feature absence [15]. Acoustic systems operate independently of
the optical performance of water. LBL gives absolute position estimates within a designated
region, whereas USBL lessens the requirements on infrastructure but requires a surface
vehicle and introduces a dependency on the acoustic geometry [11,13]. There is also work
on combining multiple acoustic systems [12]. These alternatives are not identical substitutes:
they require different levels of infrastructure and yield different types of measurements,
and even a single distance measurement does not determine the three-dimensional position.
Combining inertial, DVL, and transponder data allows acoustic biases to be estimated
and non-Gaussian noise in acoustic measurements to be rejected [23]. The system’s role is
complementary to deciding whether the external service is currently available and whether
it is operationally better to use than another navigation configuration.

2.2. Adaptive Fusion, Active Perception, and Fault Tolerance

Innovation-based covariance adaptation was first introduced many years ago [16] and
is still relevant today in inertial/DVL fusion applications. It changes the relative weighting
of incoming observations, but it cannot add new measurements or build new infrastructure.
Robust residual gating is a complementary technique that rejects measurements that do
not agree with the filter prediction. Both are part of the existing framework; the question is
whether adding reconfiguration capabilities beyond robust filtering is beneficial.
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The reliability literature discusses the criticality of underwater sensors as dependent
on the mission and the operating environment [24]. AUV fault-tolerant systems have
also used diagnosis and reconfiguration to maintain a particular controller or state after
sensor and actuator failures [19,25]. This body of literature motivates the concept of
capability assessment, although the aim of reconfiguration in those works is usually to
replace a failed controller rather than online selection between optical, relative velocity
and infrastructure-based absolute navigation methods. Active perception techniques
seek to change viewpoint, standoff distance, and/or illumination to ensure perceptual
quality [17,18]. Fault detection, isolation, and identification provide a general framework
for diagnosing component health [19]. While the present method shares many of the
underlying concepts of these previous works, its objective is to determine a different
kind of output, namely a navigation mode whose choice results in the switching of the
aiding source, as well as changes in vehicle and mission behavior, where appropriate. It
additionally represents a restoration process, wherein a previously impaired modality can
be made to function again when available observation is restored.

Multimodal sensing is also being studied outside underwater navigation. For example,
SIMAC jointly encodes radar and camera semantics for task-oriented sensing and commu-
nication [26]. That work demonstrates a feature-level multimodal integration objective,
whereas the present study asks which navigation configuration should remain operational
as modality capabilities and supporting infrastructure change.

Table 1 locates the proposed manager relative to adjacent adaptation mechanisms.
Measurement weighting and robust gating alter how available measurements affect an
estimate; they cannot deploy an absent service, change vehicle geometry, or terminate
an unsafe submerged mission. Fault diagnosis can trigger reconfiguration, while active
perception changes viewpoint or sensing conditions. The proposed layer instead assesses
the observable capability set and makes a navigation-level choice, the consequences of
which include aiding-source selection, fusion-configuration and guidance changes, fallback
recovery, and terminal safety behavior. The distinction we draw is one of scope and
decision level, not a claim that earlier methods never reconfigure anything: fault-tolerant
architectures do reconfigure components and controllers, and active perception does change
the sensing geometry. What differs here is that the decision variable is the navigation mode
itself, selected among operationally distinct absolute and relative techniques from onboard-
observable evidence, and that its consequences extend to the vehicle and mission behavior
needed to make the selected mode usable.

Table 1. Functional comparison of adaptation mechanisms.

Approach Information Used Adaptation Level Resulting Action
Adaptive measurement  Innovation and . Change measurement
N : - Estimator : -
weighting covariance statistics covariance or gain
Robust gating/filtering E;;ildual Or consistency  peyator Reject or limit an

inconsistent update

Fault diagnosis and

Component-health

Component or

Isolate a fault and select

reconfiguration evidence controller a predefined substitute
. . Change viewpoint
. . Perceptual quality and ~ Sensor/vehicle 8¢ Viewpornt,
Active perception task geometry configuration standoff, illumination,

or sensing action

Proposed mode
manager

Optical, DVL,
technique-specific
acoustic, estimator, and
mission evidence

Navigation system

Select an absolute/
relative mode, alter
configuration or
guidance, and invoke
fallback only if required
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2.3. Research Gap

Prior research has demonstrated robust multimodal estimators, modality-specific
outage handling, active perception, and fault-tolerant control systems. In the published
literature examined, adaptation is generally applied within a fixed sensor suite, to a single
degraded modality, or to vehicle control following diagnosis of the fault. However, there
appears to be less coverage of a layer which sits above the aforementioned approaches and
depends solely on observables to distinguish between capabilities available only onboard
the vehicle and those available only outside the vehicle, to choose from the available sets of
absolute and relative modes of navigation, and to assess the closed-loop improvement in
this selection versus that achieved with the same, pre-deployment knowledge. The latter
distinction is vital because a low universal baseline might make what looks like normal
pre-deployment choice resemble online learning. Consequently, we provide both universal
and deployment-aware baselines, using the latter as the primary reference.

3. Materials and Methods
3.1. Closed-Loop Simulation Environment

The provided environment includes a deterministic headless simulator for performing
paired experiments, as well as a ROS 2/Gazebo demo for visual inspection. Only headless
runs yield quantitative data. In every simulation step, the physical world generates sensor
readings, the estimator and mode manager process only locally observable inputs, control
outputs are sent to the vehicle, and the resulting vehicle pose creates the next batch of
measurements. Only simulator ground truth is stored for offline assessment. This data
flow is shown in Figure 1. The quantitative simulator and analysis were implemented in
Python 3.12.3 (Python Software Foundation, Wilmington, DE, USA) with NumPy 1.26.4;
figures were generated with Matplotlib 3.6.3. ROS 2 Jazzy Jalisco and Gazebo Harmonic
8.15.0 (Open Robotics, Mountain View, CA, USA) support the visual demonstration only
and were not used to generate the quantitative results.

SIMULATED PHYSICAL WORLD ONBOARD NAVIGATION STACK

( D'
el Ll OBSERVATIONS ESTIMATOR BVIDENCE
turbidity and current - image-derived optical fixes state and covariance optical and DVL belief

innovation residuals
fix age and validity

DVL bottom/water track
IMU, depth, acoustic replies

seabed and DVL geometry
LBL field and USBL support

technique-specific
acoustic belief

! IR | I

motion-dependent observations l l

SELECTED CONFIGURATION

aiding source and fusion
altitude, speed, or fallback
terminal surface/GPS response

MODE MANAGER

viability, selection, hysteresis
optical--DVL | optical--no-lock
LBL | USBL | relative | terminal

confi

uration action

RUTH-SIDE EVALUATO
trajectory error and coverage
safety and paired contrasts
no policy access

-

VEHICLE AND MISSION
closed-loop motion and survey
geometry and subsequent
sensor observations change

J

Figure 1. Closed-loop mode-aware navigation architecture. Solid blue paths are the onboard-
observable information available to the estimator and policy; green paths are consequential configu-
ration and vehicle actions. Orange variables are the latent simulator state. They reach only sensor
generation and the truth-side evaluator through dashed paths, never the policy.
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Going clockwise around the left-hand side of Figure 1, the environment block contains
the latent state: turbidity and current, seabed and DVL geometry, and the deployed LBL
field and USBL support. The environment state is not provided to the policy, but only to
the sensor models. The sensors produce the observations, consisting of the optical fix based
on images, DVL bottom- and water-track returns, and replies from the IMU, depth, and
acoustic sensors. The estimator fuses these observations to generate a state and covariance
estimate along with the innovation residuals and fix age. These are converted by the
capability block into beliefs for optical, DVL, and technique-specific acoustic data. The
mode manager determines the feasibility of each option, applies hysteresis, and selects
one of the six possible modes. The output of the mode manager is not a mere indication
of a mode, but instead specifies the configuration to be implemented. This configuration
indicates the aiding source and fusion mode, may affect altitude and speed, and in some
cases commits the vehicle to a particular surface-for-GPS terminal response. The vehicle
then executes the resulting plan, which changes the geometry and thus produces the
subsequent observations and closes the loop. The truth evaluator is not part of the closed-
loop system: it has access to both the latent state and the realized trajectory and uses them
to calculate error, coverage, safety, and contrast metrics. There is no feedback to the policy
from the truth evaluator.

The vehicle performs a survey mission lasting a few minutes in a six-degree-of-freedom
environment with depth-dependent pressure measurements, modeled ocean currents, and
sensors whose response depends on altitude and velocity. Every paired comparison uses
the same reproducible environment and sensor realization for both policies. This common-
random-number design reduces extraneous variation, so the paired difference primarily
reflects policy behavior rather than unequal disturbances.

3.2. Optical Sensing and Feedback

The optical model follows the direct transmission and scattering framework for un-
derwater image formation [5-7,27,28]. With attenuation coefficient ¢ and sensor-to-bottom
distance 7, the direct two-way path is

T(r,c) = exp(—2cr). (1)

Hence, altitude and water clarity determine if enough seabed texture reaches the
camera for a fix. The generated images are forwarded to the chosen P5-v4 image-to-
fix front end, and the observable outputs are fix availability, uncertainty, inlier support,
reprojection quality and ambiguity diagnostics. The turbidity is not directly communicated
to the manager. Instead, the manager receives the optical evidence and its history. This
matters because the optical feedback closes a measurement loop rather than issuing a mode
command. The optical environment affects the image, the image-based localizer computes
availability and uncertainty, and availability and uncertainty impact the manager’s belief
in its capabilities. Thus, the optical branch is a part of the navigation process via a real
measurement interface, but it is separate from the truth side evaluator.

3.3. DVL, Inertial, and Current Modeling

The bottom tracking Doppler velocity log (DVL) gives a velocity estimate with respect
to the seabed, while the water tracking DVL gives an estimate with respect to the water;
therefore, the water tracking DVL requires the water motion with respect to ground to
recover estimates with respect to ground. Both observations are modeled separately in the
implementation. Probability of bottom-lock is a function of vehicle altitude and DVL health,
while water-track availability is modeled independently. Scale, alignment, noise, dropout,
and full crashout all affect measurement generation instead of setting policy mode directly.
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The navigation filter estimates position, velocity, attitude-related error states, sensor
biases, and water current. In succinct notation, the prediction and update are given by

& = f (%1, m), P, = F P F] +Q, 2)
re =z — h(%), St = HyP H{ +Ry, 3)
Ky =P H[S ', & = &, + Kry. (4)

Here, k is the discrete time index and #y is the estimated state, comprising position,
velocity, attitude-related error states, sensor biases, and water current; the superscript "—"
denotes the prior value, obtained before the measurement update. The function f(-) is
the process model and u; the commanded input, with Fj being its Jacobian evaluated at
the current estimate. The matrix Py is the state error covariance and Q. the process noise
covariance. On the update side, z; is the measurement, /(-) the measurement model, Hy
its Jacobian, and R; the measurement noise covariance. The residual r; is the innovation,
Sy its covariance, and K} the Kalman gain.

Delayed acoustic measurements are applied using fixed-lag replay such that the time
at which they are valid determines the corrected state. The Joseph covariance form is used
after measurement updates.

3.4. Acoustic Infrastructure and Service Discovery

LBL and USBL exist only if their necessary infrastructure has been deployed. An LBL
fix additionally depends on the geometry of the array, range and acoustic conditions. A
USBL fix additionally depends on the presence and relative geometry of the supporting
surface asset. A single beacon can only provide range-only information, and hence is not
considered a complete absolute position. Service identity may be loaded from legitimate
pre-mission deployment information, but current availability is not free information. The
vehicle probes services in sequence, incurs the cost of the observation opportunity, and
retains evidence of response for a limited period. A non-responsive or geometrically
impossible service therefore drops out of the set of observable candidates once its evidence
expires. The same service catalogue is given to deployment-informed FIXED and the
adaptive policies.

3.5. Capability Belief
Let C; € {0,1} denote whether capability j is available and let 0y, be the observation
history. The manager maintains

bix =P(C; =1 o01x), (5)

for optical, velocity, acoustic, and inertial capability. Evidence includes fix availability and
age, uncertainty, DVL track status and probability of lock, acoustic response and dilution of
precision, delayed-measurement validity and innovation consistency. A capability can only
operate if its post-condition exceeds the freeze boundary and the physical observation re-
quired by that mode is present. Hysteresis and minimum dwell delay rapid mode switches
but allow immediate exit from a mode when the required evidence is no longer present.

3.6. Navigation Modes and Actions

Only combinations that result in different navigation behaviour are included in the
finite set of modes (Table 2). The combination does not get expanded into separate modes
if there is no distinct behavior. Where the technique identity affects the dependence on
infrastructure and what is passed to the estimator it is kept. Recovery actions such as lower
altitude, reduce speed, hold for a fix, or surface are secondary actions. When a change in
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capability occurs the first response is to select another navigation mode that can provide
sufficient performance. Recovery is taken as the response only when it is not possible to
select another mode to provide sufficient navigation or when a predefined safety condition
is reached.

Table 2. Navigation modes selected from onboard-observable evidence.

Mode Required Observable Evidence = Navigation Behavior
. Optical fix viable; bottom Optical absolute aiding with
Optical + DVL track live ground-relative DVL
g o Optical absolute aiding with
Optical, no bottom lock g};&c 2Lfslexn\£1able, bottom water track or inertial velocity
propagation
LBL aided Responding position-giving LBL absolute updates with
LBL service available onboard velocity aiding
USBL aided Responding position-giving USBL absolute updates with

USBL service available onboard velocity aiding

IMU plus bottom/water-track
relative navigation; uncertainty
grows

No absolute aid; DVL velocity

Relative dead reckoning evidence viable

No viable submerged navigation ~ Abort submerged survey, surface,

Terminal degraded and safety condition met reacquire GPS, terminate mission

3.7. Policies and Comparator Fairness

All policies have the same estimator, sensor models, mission controller, initializa-
tion, and locked base configuration (lidar optical channel, 5m altitude, 0.5m s~1 USBL,
covariance weighting). They differ only in the authority shown in Table 3.

Table 3. Policy definitions. Deployment-informed FIXED is the primary comparator because it
receives the same legitimate pre-mission infrastructure knowledge as the adaptive policies.

Policy Permitted Behavior

One locked configuration for every environment; retained as a

Universal FIXED . .
supporting static reference.

Before launch, replaces only the acoustic technique using the
Deployment-informed FIXED  deployed-service catalogue; remains fixed afterward and re-
ceives no future-event information.

Uses the same starting configuration and catalogue, then selects

REACTIVE modes from current observable evidence online.
REACTIVE plus an observable-history forecast that may initiate
PREDICTIVE a pre-emptive recovery action; secondary comparison with no

required success threshold.

Table 4 reports the principal settings used in Study 3. The table groups them as
modeled physical quantities, experimental design assumptions, and controller or estimator
tuning values.

Table 4. Principal Study 3 simulation, sensor, estimator, and mode-manager parameters.

Group and Parameter Value Status

Design assumptions
Controller settings
Simulation model
Algorithm tuning

Mission: horizon/policy/image period 180/2/4 s
Mission: fixed altitude/speed 50m/0.5ms™!
Optical: image/horizontal field of view 192 x 192 px/60°
Optical: AKAZE threshold /match ratio 5% 1075/0.80
Optical: inliers/fraction/reprojection 12/0.50/2.0 px Admission tuning
Optical: accepted scale/covariance factor 0.60-1.67/2.30 Admission tuning

DVL: bottom-/water-track noise 0.015/0.025 m s~ ! x scale Modeled noise

Depth: generated noise/filter 0.015/0.01 m Model/estimator tuning
Current: random walk 0.003ms~1/ Vs Estimator model
Acoustic: probe period/evidence lifetime 4/8s Service-discovery design
Acoustic: delay /jitter o 0.08/0.02 s Modeled communication
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Table 4. Cont.

Group and Parameter Value Status

Acoustic: LBL calibration/filter o 0.02/0.35 m Model/estimator tuning
Estimator: state/fixed lag/NIS gate 12 states/15s/9.0 Structure/tuning
Estimator: reacquisition inflation/confirms 25/2 Estimator tuning
Manager: usable boundary/minimum hold  0.35/8 s Controller tuning
Manager: optical floor/evidence window 0.25/4 observations Controller tuning
Manager: recovery dwell/cooldown 8/48 s Controller tuning

Dimensionless simulation

Environment: turbidity-like process [0.05, 0.90], mean 0.45

model
Environment: east/north current +0.18/[—0.20,0.20] m s~ ! Modeled physical quantities
Environment: acoustic noise [45, 80] dB, mean 61 dB Modeled quantity

Environment: bottom-lock reference/width  4.5/0.55 m Simulation model

3.8. Experimental Progression

Studies 1 and 2 provided the groundwork for the final mode-aware evaluation by
characterizing the navigation-configuration space, identifying the conditions under which
adaptation matters, and establishing the role of navigation-level action (Table 5). Their
full results and artifacts are available from the public repository referenced in the Data
Availability Statement.

Table 5. Empirical foundation provided by the Study 1 and Study 2 characterization experiments.
Development-stage objective values characterize the design process and are not final Study 3 perfor-

mance evidence.

Study Key Finding Quantitative Evidence What It Established

Configuration choice ma-

144 configurations x 10 terially affects navigation

Navigation performance . .
scenarios x 19 failure

Study 1—configuration and
design-space characterization

depended substantially on
configuration, with no sin-
gle configuration universally
preferable across the investi-
gated conditions.

families = 27,360 runs. Devel-
opment objective: | = 0.081
for the adaptive configura-
tion and | = 0.017 for the
selected fixed configuration.

performance and should

be treated as an explicit
navigation-design prob-
lem rather than assuming
one universally appropriate
sensing configuration.

Study 2—failure and architec-
ture characterization

Most failure conditions did
not require policy differenti-
ation, while a smaller subset
exposed conditions in which
navigation capability gen-
uinely needed to change.
Measurement admission or
reweighting alone did not
reproduce the recovery ob-
tained through capability,
guidance, and mission-level
action.

Adaptation should be selec-
tive rather than continuous,
and some capability-loss con-
ditions require navigation-
level action beyond estimator-
level measurement weighting.

19 failure families: 13/19
non-discriminating and 6/19
policy-discriminating.

These studies led to the central question for Study 3: Is there benefit to online adap-
tation when the adaptive action is based on observable evidence of capability change,
compared to a strong deployment-informed fixed configuration when the change in capa-
bility occurs after launch? Study 3 provides the primary evidence, with explicitly mixed
infrastructure, observable service discovery, and deployment-informed FIXED as the pri-
mary comparator.

The final Study 3 evaluation used the corrected controller in two complementary parts.
Part A comprised 270 paired scripted cases: seven transition families with 30 realizations per
policy and three controls with 20 realizations each. Part B comprised 400 paired, previously
unseen dynamic environments per policy. Turbidity, currents, DVL health, acoustic noise
and geometry, and infrastructure availability evolved through reproducible stochastic
processes. Every policy encountered the same matched environmental realization, but
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none received its hidden process state or future evolution. Parts A and B address different
questions and are therefore analysed separately.

3.9. Metrics and Statistical Analysis

The main Part B criterion was (i) lower REACTIVE horizontal RMSE than deployment-
informed FIXED, with the paired 95% confidence interval entirely below zero, and
(ii) the replay-verified adequate viable-mode adaptation greater than 50%. Secondary
outcomes included transition RMSE, peak error, unaided time, longest aiding gap, comple-
tion, safety violations, survey coverage, mode switches, and physical interventions. For
Part B, 95% paired bootstrap intervals were computed with 10,000 bootstrap draws. Part A
used a family-stratified paired bootstrap to preserve the representation of each scripted
family. The bootstrap procedure, metrics, comparators, sample sizes, and decision rules
were specified before the final evaluation.

An adequate adaptation is defined as selecting any currently viable mode with con-
temporaneous supporting evidence. We evaluate the exact preferred-mode adaptation only
if the objective specifies exactly one preferred mode; simultaneous viable modes are treated
as ambiguous otherwise.

The complete evaluation archive passed checksum verification, and sampled traces
were reproduced exactly from the recorded inputs. Detailed execution and integrity records
are provided in the supplementary reproducibility material.

4. Results
4.1. Foundational Studies and Comparator

Studies 1 and 2 show that we were able to reproduce a closed-loop environment which
includes optical impairment, DVL dropouts, intermittent acoustics, infrastructure collapse,
current, multiple simultaneous faults, and the end condition of streams running together.
Furthermore, they show why there cannot be a single reference configuration that applies
universally. Specifically, in Study 2’s held-out block, the manager performed well above
the admission-only ablation but it did not perform better than the best predeclared fixed
configuration on the aggregate metric. This negative result altered the final question from
“Can adaptation outperform one fixed choice?” to “Can online adaptation outperform the
best configuration that we could choose given knowledge of our deployment context?”.
Study 3 tests that question.

A Study 3 held-out block ran previously at an independent root and remains preserved
as a separate historical result. That run employed the precorrection controller, and its results
indicated that REACTIVE was significantly better than universal FIXED (—0.4374m, 95%
CI [-0.4628 m, —0.4122m]), but performed similarly to deployment-informed FIXED
(=0.0070m, 95% CI [—-0.0197 m, 0.0061 m]). Further investigation revealed the reason for
this performance: inaccurate service information, as well as non-compliance with terminal
safety requirements. The corrected controller was then tested on a different independent
root. The results of these two controllers were not combined.

4.2. Scripted Held-Out Robustness: Part A

In Part A, deployment-informed FIXED, REACTIVE, and PREDICTIVE all achieved
0.8519 completion. Deployment-informed FIXED and REACTIVE had zero safety violations
in the 270 cells, while PREDICTIVE had one safety violation. The mean horizontal RMSE
was 0.5521 m for deployment-informed FIXED and 0.5588 m for REACTIVE. The difference
between these two metrics was 0.0067 m (95% CI —0.0073 m to 0.0212 m). The confidence
intervals of the transition RMSE, peak error, and maximum aiding gap all included zero. On
the test set, REACTIVE simply reproduced the performance of the deployment-informed
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configuration rather than improving it, at the cost of 6.15 mode switches per mission.
This is the edge case where our script typically does not compel us to deploy any other
configuration than the one we would have deployed anyway. Table 6 summarizes the
held-out means for both experimental parts.

Table 6. Final corrected-controller held-out means. Parts A and B are separate experimental blocks
and are not pooled.

Part  Metric Deploy-FIXED  REACTIVE  PREDICTIVE
A Completion 0.8519 0.8519 0.8519
A Safety violation 0.0000 0.0000 0.0037
A Overall RMSE (m) 0.5521 0.5588 0.5652
A Mode switches 0.0000 6.1481 5.9556
B Completion 0.4175 0.4325 0.4275
B Safety violation 0.2325 0.1500 0.1725
B Overall RMSE (m) 2.3508 1.9245 1.9803
B Transition RMSE (m) 2.4409 2.0004 2.0798
B Peak error (m) 5.7444 4.8584 4.9376
B Longest aiding gap (s) 46.9800 40.7100 42.7650
B Survey coverage 0.8478 0.8163 0.8414
B Mode switches 0.0000 8.3150 8.7350
B Physical interventions 0.5825 6.4450 7.5025
B Pre-emptive actions 0.0000 0.0000 0.5225

4.3. Dynamically Changing Held-Out Environments: Part B

For Part B, REACTIVE brought down mean horizontal RMSE from 2.3508 m to
1.9245m. The paired difference was —0.4262 m and the whole 95% confidence interval
[—-0.6052m, —0.2608 m] favored REACTIVE, which means the first requirement of the
predeclared primary criterion was met. The advantage also applied to transition RMSE
(—0.4405 m), peak error (—0.8860 m), longest aiding gap (—6.27 s), and frequency of safety
violations (—0.0825): all four confidence intervals excluded zero on the side favoring
REACTIVE (Table 7, Figure 2). The unaided-time difference was —2.44 s but the confi-
dence interval included zero. Completion improved by 0.0150 with a confidence interval
including zero; so there is no claim of completion advantage.

All paired effects are expressed as REACTIVE minus deployment-informed FIXED.
Thus, a negative sign means REACTIVE achieved a smaller value, which is advantageous
for error, aiding-gap duration, unaided time, and safety violations. A positive sign means
REACTIVE achieved a larger value, which is advantageous for completion and coverage,
but implies more action for mode switches and physical interventions. The sign indicates
only the direction of arithmetic comparison; whether it is advantageous or disadvantageous
depends on what is being measured.

Reading Figure 2 panel by panel, the three groups separate the kinds of outcome
rather than mixing them on one axis. Panel (a) covers position error, where overall RMSE,
transition RMSE, and peak error all sit left of the dashed zero line with their intervals
clear of it, so REACTIVE is more accurate on every error measure. Panel (b) covers aiding
continuity. The longest aiding gap is shortened and its interval excludes zero, whereas the
unaided-time interval crosses the line, so the gain is in the length of the worst gap rather
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than in the total time spent without an absolute fix. Panel (c) covers mission outcomes, and
it is the panel that shows the trade-off. Safety violations fall with an interval clear of zero,
completion moves slightly but its interval spans the line and supports no claim, and survey
coverage falls with its interval clear of zero, which is a cost rather than a benefit. Each
marker is the paired mean difference and each bar the 95% confidence interval, so a bar
that touches the dashed line indicates an effect the data do not separate from no difference.

Table 7. Part B paired effects, REACTIVE minus deployment-informed FIXED. Negative differences
favor REACTIVE for error, aiding-gap, and safety-violation metrics; positive differences favor RE-
ACTIVE for completion and survey coverage. Mode-switch and intervention differences quantify
adaptation cost.

Metric Mean Difference 95% CI Low 95% CI High
Overall RMSE (m) —0.4262 —0.6052 —0.2608
Transition RMSE (m) —0.4405 —0.6231 —0.2632
Peak error (m) —0.8860 —1.2768 —0.5138
Longest aiding gap (s) —6.2700 —8.8800 —3.7500
Safety violation —0.0825 —0.1225 —0.0450
Unaided time (s) —2.4400 —5.1350 +0.2402
Completion +0.0150 —0.0225 +0.0525
Survey coverage —0.0316 —0.0476 —0.0151
Mode switches +8.3150 +7.9725 +8.6625
Physical interventions +5.8625 +5.6025 +6.1225

Paired effect = REACTIVE — deployment-informed FIXED

(a) Position error (b) Aiding continuity (c) Mission outcomes
Overall RMSE —e— Longest aiding gap F——@—— Safety violation F—@&—
Transition RMSE o Completion —eo—
Peak error ——&—— Unaided time ——@—— Survey coverage e+

S B R
-1.0 -05 0.0 -5 0 -0.1 0.0
Difference (m) Difference (s) Difference in proportion

Figure 2. Part B paired effects, defined as REACTIVE minus deployment-informed FIXED and
shown in their native units. Negative values favor REACTIVE for position error, aiding-gap dura-
tion, and safety violations; positive values favor REACTIVE for completion and survey coverage.
Numeric effects and 95% confidence intervals are given in Table 7; the dashed zero lines denote no
paired difference.

4.4. lllustrative Capability Transition

Figure 3 illustrates how mode adaptation operates during a typical Part B mission.
The case was selected objectively before plotting: among missions containing a persistent,
evidence-linked mode transition, it had a paired RMSE effect closest to the median. Ac-
cordingly, it represents the central tendency of the observed accuracy improvement rather
than a particularly favorable example. Deployment-informed FIXED and REACTIVE
achieved horizontal RMSE values of 0.4572 m and 0.3871 m, respectively; their difference of
—0.0701 m closely matches the eligible-set median of —0.0714m.
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Both policies encounter the same environment and reference trajectory. At the start,
REACTIVE uses optical positioning with bottom-track DVL. When bottom lock is lost,
it transfers absolute aiding to LBL while retaining the available onboard propagation.
Later, changing acoustic-service evidence leads it to use USBL. The trajectory and error
panels show the navigation consequence of these transitions, while the mode timeline links
each change to observable evidence. This mission is illustrative; all aggregate effects and
confidence intervals remain based on the complete paired evaluation of 400 dynamic envi-
ronments. Replay and integrity details are provided in the supplementary reproducibility
record rather than used as part of the scientific interpretation.

Illustrative paired Part B capability transition
(a) Paired horizontal trajectories

= Truth/reference - REACTIVE estimate
——— Deploy-FIXED estimate O Start

North position (m

T T T T
-7.5 -5.0 —-2.5 0.0 2.5 5.0 7.5
East position (m)
(b) Horizontal position error

1.50 1 — Deploy-FIXED
195 | — REACTIVE

1.00 A
0.75 A

0.50 A

Horizontal error (m)

0.25 A

0.00 -

T T T T T
0 25 50 75 100 125 150 175
Mission time (s)
(c) REACTIVE navigation mode and observable transitions

LBL-aided - USBL-aided
LBL-aided - USBL-aided

USBL-aided
Optical+DVL - LBL-aided L
LBL-aided

Optical + bottom-lock DVL A —_—

T T T T T
0 25 50 75 100 125 150 175

Mission time (s) --- Persistent evidence-linked mode transition

DVL bottom lock unavailable

Figure 3. Illustrative paired Part B realization selected objectively before plotting. (a) Common
truth/reference trajectory and the deployment-informed FIXED and REACTIVE estimates.
(b) Horizontal position error versus mission time. (c) REACTIVE navigation mode, persistent
evidence-linked transitions, and DVL bottom-lock unavailability. The complete time history is
shown without omission. The figure illustrates mechanism behavior; aggregate claims are based on
all 400 paired dynamic environments.
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4.5. Supplementary Parameter Sensitivity

This subsection reports a supplementary analysis conducted separately from the pri-
mary Study 3 evaluation. The held-out evaluation of Sections 4.2 and 4.3 remains the basis
for the statistical claims of this paper; the analysis reported here characterizes parameter
dependence without altering it. We executed a supplementary sensitivity analysis on an
independent set of 60 fresh paired generated environments that does not overlap any
earlier study. These environments were evaluated with FIXED (deployment-informed),
nominal REACTIVE, and ten single-parameter REACTIVE variants, for a total of 720 sim-
ulations. We varied only the usable capability boundary, minimum hold, optical-quality
floor, recovery dwell, and recovery cooldown parameters at their predeclared low and
high values. The protocol, including the sample size and material-reversal rule below,
was fixed prior to execution; all 720 runs finished with no retry and no exclusion. Table 8
reports each change as AM = Myariant — Mnominal, Where nominal denotes the unmodified
REACTIVE policy. ARMSE and ATrans. are changes in overall and transition horizontal
RMSE, respectively, in metres; AComp., ASafety, and ACoverage are changes in mission
completion, safety-violation, and survey-coverage proportions; and ASwitch and Alnterv.
are changes in the mean numbers of mode switches and physical interventions per mission.
Thus, negative RMSE, transition-RMSE, and safety differences favor the variant, whereas
positive completion and coverage differences favor it. Switch and intervention differences
describe controller activity and are not intrinsically beneficial or adverse. No parameter of
the proposed method was re-optimized as a consequence of this analysis, and the original
held-out results were not reused for optimization or replacement.

Table 8. One-at-a-time sensitivity relative to nominal REACTIVE on 60 fresh paired environ-
ments. Negative RMSE differences favor the variant; completion and safety columns are changes
in proportions.

Variant ARMSE ATrans. AComp. ASafety ACoverage ASwitch Alnterv.
Capability boundary 0.30 —0.001 —0.002 +0.017 0.000 +0.000 —-0.03 —-0.03
Capability boundary 0.40 +0.007 +0.007 —0.017 0.000 —0.002 —0.07 +0.08
Minimum hold 4 s —0.040  —0.044 +0.033 0.000 +0.030 +1.40 +2.00
Minimum hold 12 s —0238  —0.248 +0.067 —0.033 +0.031 —0.22 —0.78
Optical floor 0.20 —0.002  —0.002 0.000 0.000 —0.000 0.00 +0.02
Optical floor 0.30 +0.034 +0.034 0.000 0.000 +0.003 0.00 +0.03
Recovery dwell 4 s +0.032 +0.031 +0.017 +0.017 +0.017 +0.17 +0.10
Recovery dwell 12 s —0.044  —0.044 0.000 —0.017 —0.010 —0.08 +0.17
Recovery cooldown 32 s —0.006 —0.007 -0.017 0.000 0.000 —0.03 +0.17
Recovery cooldown 64 s —0.002 —0.002 0.000 0.000 —0.000 —0.02 —0.08

The nominal REACTIVE achieved an overall RMSE of 1.608 m on these 60 envi-
ronments, versus 2.092m for deployment-informed FIXED; their paired difference was
—0.485m (95% paired bootstrap interval [-0.978 m, —0.002 m]). Its safety-violation pro-
portion was lower by 0.150 [-0.267, —-0.033], while the completion difference of —0.017
[-0.117, 0.083] was inconclusive. None of the bounded settings activated the predeclared
qualitative-reversal rule. Capability boundary, optical floor, recovery dwell, and cooldown
produced mostly small or uncertain effects. The minimum hold time showed the most
sensitivity, with shortening it increasing the number of switches and interventions, and
lengthening it decreasing them and lowering the point estimate of RMSE, though its RMSE
difference from the nominal had a 95% interval including zero. This analysis indicates
that the direction of the central comparison was robust across the five parameters and
ranges evaluated here, and identifies selector persistence as the parameter governing the
responsiveness and stability trade-off. Its scope is the tested ranges and the simulated envi-
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ronment distribution used throughout this work; it characterizes parameter dependence
rather than establishing an optimal setting.

4.6. Adaptation Behavior and Costs

Replay-based analysis revealed 2704 REACTIVE episodes where it would have been
possible to judge the quality of a persistent viable-mode decision. REACTIVE chose a
viable mode that was justified by evidence contemporaneous with the episode in 1913 of
those cases, or 70.75%. This is above the 50% threshold declared beforehand and fulfils
the second requirement of the primary claim. If the goal specified one specific preferred
mode, then exact adaptation occurred in 57.53% (974 out of 1693) of cases. Using the older
unchanged definition of V5 C7/C8 (which applies a different denominator and interprets
“persistence” differently), exact adaptation occurred in 59.17% (1290 out of 2180) of cases.
These values are calculated independently and cannot be substituted for one another.

The gain from improved navigation came with a trade-off. As compared to FIXED
with deployment knowledge, REACTIVE added 8.32 mode changes and 5.86 physical
interventions on average per Part B mission. The amount of area surveyed fell by 0.0316
on average, and its 95% confidence interval did not contain zero. In effect, there was a
compromise between responsiveness and stability because the agent spent time adjusting or
stabilizing the navigation state, lowering error and violations of safety rules but marginally
decreasing the area surveyed.

Mission completion was challenging under these conditions: FIXED had a success
rate of 0.4175, while REACTIVE achieved 0.4325, and safety violations occurred in 23.25%
and 15.00% of missions, respectively. REACTIVE therefore improved on FIXED under
identical conditions.

4.7. PREDICTIVE

The PREDICTIVE policy executed 0.5225 anticipatory actions on average per mission
in Part B, and 1.10 per mission in Part A, suggesting that the predictive arm of the algorithm
was active. It did not beat REACTIVE, however. The difference between its Part B RMSE
and REACTIVE’s was 0.0558 m (95% CI [—0.0352 m, 0.1491 m]); unassisted time rose by
4.5155[1.900ss, 7.1851 s]; maximum aiding gap increased by 2.055s [0.4605s, 3.715s]; and
interventions rose by 1.0575 [0.8250, 1.3050]. These improvements resulted from reactive
adjustments to the current situation; the forecast made available to this experiment did not
yield any further benefit.

5. Discussion
5.1. Operating Regime of Online Adaptation

The remaining data frames the operating range for the method proposed in this
study. For Part A, the FIXED policy with knowledge of the deployment was adequate and
REACTIVE was unable to realize an accuracy benefit by switching between alternatives that
were approximately equivalent in utility. In Part B, the environment changes after launch:
visibility, DVL operation, acoustic quality and geometry, currents, and infrastructure
availability change during the course of a mission. No single configuration is optimal
across all possible realizations. REACTIVE reduces overall and transition errors, peak
errors, aiding gaps, and safety violations.

The difference between blocks is more scientifically informative than a pooled mean,
because it demonstrates that online adaptation is not inherently useful simply by virtue
of being available. Its usefulness becomes evident when changing observations suggest
that a particular alternative is better, and this constitutes a change in viable navigation
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configuration. This conditional result is consistent with the physical structure of underwater
sensing: optical, DVL, and acoustic capabilities are lost and recovered for different reasons.

5.2. Interpretation of Adaptation Rates

The 70.75% adequate rate measures whether the policy selected any defensible viable
mode supported by evidence at the time. This is the appropriate primary mechanism
measure when several absolute modes are simultaneously viable and no predeclared
objective orders them. The lower 57.53% exact rate applies only to episodes with a unique
preferred mode and reveals room for improvement in service probing, belief latency, and
selector discrimination. Neither rate implies perfect diagnosis, and neither uses mode labels
supplied by the simulator. The V5-definition value of 59.17% is lower because it answers a
related but different question with a different episode construction. Reporting both avoids
turning analysis convention into apparent algorithmic performance. The replay-verified
adequate measure is tied directly to the final decision rule; the V5 measure preserves
continuity with earlier development analysis.

5.3. Navigation Resilience and Mission Efficiency

The reductions in safety violations, peak error, and aiding gaps demonstrate that mode
awareness improved navigation resilience under changing capability. The manager does not
simply re-weight measurements; it changes the operational configuration as optical, DVL
and acoustic evidence changes. If there is another viable modality, then this maintains a
better-bounded navigation solution, whereas if submerged navigation is no longer possible,
then the terminal behaviour avoids extended operation on an unbounded estimate.

These gains come at a cost of 5.86 more physical actions per mission and 0.0316 less
survey coverage. This is a trade-off in the engineering design rather than a contradiction
of the navigation result. Changes to the sensing configuration, altitude, speed or mission
behaviour take time, and they may require more energy for propulsion, sensing and
computation. In the current experiments, we measured time and coverage, but energy was
not an objective. The results show that adaptation can improve navigation and safety when
sensing capability changes after launch, and suggest that an explicit model of the cost of
switching modes should be part of future autonomous vehicle design.

In both strategies, completion is challenging because each leads to situations where
there is no feasible underwater horizontal aid available. Continuing the mission in these
situations would imply operation without a sufficiently bounded navigation solution. The
terminal mode gives a safety bound in these cases. Future implementations can use this to
explicitly decide whether a mission failure is recoverable or not, and support restarting the
mission once back on the surface with access to satellite GPS.

5.4. Relationship to Existing Research

Adaptation at the system level complements adaptive covariance filtering and ro-
bust gating, which work within a mode and determine how much each measurement
affects the navigation solution. The system-level approach described here determines what
physical configuration should produce and fuse these measurements. Likewise, active
perception approaches alter the distance, relative orientation or illumination to keep a
sensory task [17,18]. Nonetheless, the control manager presented here can transition be-
tween optical, velocity-aided, infrastructure-dependent acoustic, relative positioning, and
terminal modes in response to changes in perceived sensor capability of each mode.

The predictive variant of the policy provides additional capability over this architec-
ture. Although it tries to preemptively reconfigure itself before a failure occurs, demon-
strating that forecasting is feasible, it does not improve over the direct reactive strategy for
the cases tested. Spatial texture changes might look analogous to temporal variations in
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optical transparency, or sudden failures may not exhibit sufficient warning. Therefore, the
main contribution is in reactive mode selection, which delivers the stated navigation and
safety improvements with no advance notice of environmental changes. Forecasting may
be beneficial in situations where predictions are accurate and the expense of action can be
easily quantified.

5.5. Limitations and Future Rresearch

The evidence in this paper is entirely simulation-based. It supports claims about closed-
loop behavior within the implemented distributions, not field performance, certification,
or transfer to arbitrary vehicles and sites. The evaluation environment is a quantitative
closed-loop simulation rather than a visualization or a replay of prerecorded data: optical,
DVL, depth, and acoustic measurements are generated from the evolving environment
and vehicle state, the estimator consumes them, the resulting navigation solution drives
guidance and mode selection, and those decisions change the vehicle state and therefore
the measurements available at the next step. Both policies were exercised on identical
generated realizations, so the reported paired differences are attributable to the policy
rather than to the environment draw. Each component of that loop is a model rather
than a site measurement. DVL bottom /water-track availability, acoustic propagation and
packet response, infrastructure geometry, currents, and vehicle motion are bounded models
rather than a site-specific survey. The reported error, completion, coverage, and safety
rates therefore characterize behavior within the implemented distributions rather than a
particular deployment.

Translation to a vehicle requires staged calibration and validation: camera and optical-
quality calibration using site/field imagery; DVL lock and noise characterization over
altitude and terrain; LBL/USBL latency, geometry, and outlier measurements; vehicle
hydrodynamic and energy identification; hardware timestamp and compute-latency tests;
and finally controlled-water followed by field trials with independent safety supervision.
Such tests should retain the observable-only policy boundary and compare against a
deployment-informed fixed configuration under matched disturbances.

The most significant operational limitation occurs when optical positioning, acoustic
aid for position, and functional DVL measurements are all unavailable. No algorithmic
solution exists to recover horizontal observability when all capabilities are absent. The
implemented terminal state handles this case by ceasing dangerous underwater movement
and transitioning into the designated surface ascent sequence. Future research should
address the higher-level actions associated with such a response, including GPS position
recovery, route re-evaluation, established protocols for dealing with these events, and
whether and how to resume or cease the survey.

Changes in configuration also have an unknown endurance cost within the bounds of
the reported experiments. Going up or down, and going faster all demand more propulsive
power; optical and acoustic sensors require electrical power; more additional onboard
computing and communications increase hotel-load power consumption; and switching
modes might reduce the overall time-on-station. Energy consumption and battery state-
of-charge should be measured and optimized along with localization precision, spatial
coverage, and hazard avoidance in future work. This will allow transition decisions
to weigh the physical cost of each choice while continuing to prioritize position over
power conservation.

More experimentation is needed as well to validate the optical subsystem with images
from the field from various bottom types, illumination levels, and turbidity, and to evaluate
the effect of stale acoustic updates and current estimates with other types of deployments.
The synthetic spaces are deliberately challenging and come from one particular family of
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stochastic models, so the generality of the safety and mission-success results across different
vehicles, environments, and missions remains to be established. This work establishes an
explicit transition from the simulation presented here to testing and optimizing power-
aware fusion in the field.

6. Conclusions

We designed and evaluated a multimodal navigation framework for an autonomous
underwater vehicle that switches between optical, DVL/inertial, and acoustic/localization-
dependent modes based on available on-board measurements. We integrated acoustic and
estimator evidence into a consequential navigation-mode selection policy. Compared to
a strong fixed-configuration baseline informed by the deployment, reactive adaptation
reduced the horizontal RMSE by 0.4262 m in 400 unseen, dynamically changing environ-
ments, where the 95% paired interval did not include zero. It also improved transition error,
peak error, aiding continuity, and the rate of safety violations, and selected an adequate
viable mode in 70.75% of evaluable persistent adaptation episodes.

In the scripted held-out block, REACTIVE maintained localization accuracy similar
to that of a strong pre-mission setting. When the capability changed post-launch, the
same architecture gave an advantage. The tested predictive extension was no better than
the reactive evidence-based adaptation, which puts the demonstrated contribution in the
reactive mode-selection mechanism. In summary, the results indicate that online mode
awareness is a viable navigational layer for dynamic underwater sensing conditions, and lay
the groundwork for mission rescue, in situ testing, and endurance-aware reconfiguration.
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integrity manifests.
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Abbreviations

The following abbreviations are used in this manuscript:

AUV  Autonomous underwater vehicle
CI Confidence interval

DVL Doppler velocity log

GNSS  Global navigation satellite system
GPS Global Positioning System

IMU Inertial measurement unit

INS Inertial navigation system

LBL Long baseline

RMSE Root mean square error

ROS Robot Operating System

USBL  Ultra-short baseline
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