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Abstract— Accurate and adaptive dynamic models are critical
for underwater vehicle-manipulator systems where hydrody-
namic effects induce time-varying parameters. This paper
introduces a novel uncertainty-aware adaptive dynamics model
framework that remains linear in lumped vehicle and ma-
nipulator parameters, and embeds convex physical consistency
constraints during online estimation. Moving horizon estimation
is used to stack horizon regressors, enforce realizable inertia,
damping, friction, and hydrostatics, and quantify uncertainty
from parameter evolution. Experiments on a BlueROV2 Heavy
with a 4-DOF manipulator demonstrate rapid convergence and
calibrated predictions. Manipulator fits achieve R> = 0.88 to
0.98 with slopes near unity, while vehicle surge, heave, and
roll are reproduced with good fidelity under stronger coupling
and noise. Median solver time is approximately 0.023 s per
update, confirming online feasibility. A comparison against a
fixed parameter model shows consistent reductions in MAE and
RMSE across degrees of freedom. Results indicate physically
plausible parameters and confidence intervals with near 100 %
coverage, enabling reliable feedforward control and simulation
in underwater environments.

I. INTRODUCTION

Underwater Vehicle Manipulator Systems (UVMSs) are
versatile platforms for subsea operations such as inspection,
intervention, and maintenance [1]. A six-degree-of-freedom
vehicle combined with a multi-degree-of-freedom manipula-
tor enables dexterous interaction, but operation is challenged
by nonlinear hydrodynamics, strong vehicle-manipulator
coupling, and time-varying uncertainties. These uncertainties
arise because added mass, restoring forces, and other hy-
drodynamic effects alter the effective rigid-body parameters,
leading to dynamics that vary with the surrounding fluid
conditions [2]. Accurate and adaptive models are therefore
essential for control, planning, and reliable system monitor-
ing.

Classical approaches often rely on fixed hydrodynamic
coefficients or simplified coupling assumptions, which re-
duce complexity but fail to capture parameter variation
induced by hydrodynamic influence. In contrast, regressor
formulations offer a principled linear representation of dy-
namics in unknown parameters and provide a foundation for
systematic identification and adaptive control. However, their
application in UVMS has been limited by the challenge of
updating parameters online while simultaneously guarantee-
ing physical plausibility.
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Fig. 1: Adaptive dynamics in UVMS: prior knowledge of system
parameters is updated using new experimental data, resulting in an
updated belief consistent with observed dynamics.

Recent advances in convex optimization enable physical
consistency constraints to be embedded directly in online es-
timation. This capability makes it possible to design models
that adapt parameters under hydrodynamic variation while
ensuring realizable inertia, damping, friction, and hydrostat-
ics. Motivated by this, an adaptive regressor-based frame-
work for UVMS dynamics, Fig. 1, is proposed, combining
moving horizon estimation with convex physical constraints
and uncertainty quantification from parameter changes.

A. Related Work

Classical marine dynamics provide the standard 6-DOF
vehicle model, which captures added mass, Coriolis and
centripetal effects, hydrodynamic damping, and hydrostatic
restoring forces [3]. This model serves as the foundation for
the vehicle dynamics considered here. For UVMS modeling
and control, established references extend this foundation
to describe kinematic and dynamic coordination between
vehicle and manipulator, as well as interaction control and
task prioritization [4], [5].

In robotics, regressor-based formulations exploit the linear
dependence of dynamics on unknown inertial and dissipative
parameters, enabling identification and feedforward control
[6]-[8]. To guarantee physical plausibility, convex optimiza-
tion methods have been introduced that enforce positive-
definite inertias and feasible mass distributions through
pseudo-inertia matrices and linear matrix inequalities [9],
[10].

For underwater vehicles specifically, parameter identifica-
tion has been studied in both offline and online settings, often
using excitation strategies with DVL, IMU, and depth sensors
[11]-[14]. However, most studies address the vehicle in
isolation, without leveraging block-structured regressors for
coupled vehicle—manipulator dynamics or enforcing physical
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Fig. 2: Framework overview of the Uncertainty-Aware Adaptive Dynamics scheme for UVMS, combining regressor models, horizon
stacking, moving horizon estimation, and physical consistency constraints to produce adaptive parameter estimates with uncertainty for

control and planning.

consistency constraints during online adaptation.

Moving horizon estimation provides a natural framework
for this problem, as it supports constrained optimization-
based updates over finite horizons and admits robust penalties
to reduce the effect of outliers [15]-[17]. Yet, a unified
approach that stacks vehicle and manipulator regressors
over a horizon, enforces convex physical consistency, and
propagates calibrated uncertainty from parameter increments
remains underexplored. This gap motivates the Uncertainty-
Aware Adaptive Dynamics framework presented in this work,
shown in Fig. 2.

B. Contribution

This work presents an uncertainty-aware adaptive
regressor-based modeling framework for underwater vehi-
cle-manipulator systems. The main contributions are:

o A unified regressor formulation for coupled UVMS dy-
namics that remains linear in lumped inertial, restoring,
damping, and friction parameters across vehicle and
manipulator subsystems.

e An online moving horizon estimation scheme that
adapts parameters online under hydrodynamic variation
while enforcing convex constraints on inertia, friction,
and hydrostatics for physical consistency.

« An uncertainty quantification mechanism based on ob-
served parameter changes, providing interpretable con-
fidence intervals for adaptive models.

o Experimental validation that the proposed approach im-
proves model fidelity, highlighting its utility for predic-
tion and adaptive control in underwater environments.

The remainder of this paper is organized as follows. Sec-
tion II presents the problem formulation and the UVMS dy-
namic model. Section III details the regressor-based model-
ing and adaptive estimation methodology. Section IV reports
experimental validation and analysis. Section VI concludes
with key findings and directions for future research.

II. PROBLEM FORMULATION
A. UVMS Description
The dynamics of a UVMS is expressed as

M(¢,m) ¢+ h(( ¢ m) =T, (1)

where M € R(6+m)x(6+7) i the generalized inertia matrix,
h e RE+m)x1 collects Coriolis, damping, restoring, and
friction effects, 7 € R(6+™)*1 stacks a 6-degree of freedom
(DOF) vehicle forces and moments and n-DOF manipulator
torques, and 7 represents the uncertain rigid body and
hydrodynamic parameters.

The generalized state defined with
(= [n,u}T, ¢ = 2 [L]T, where € RS is the vehicle
pose, 4 € R"™ are the manipulator joint angles, and
v = [u,v,w,p,qr]T is the body-fixed velocity of the
vehicle. The kinematic relation = J(n) v maps vehicle
body-fixed velocity to Euler-angle rates.

The  uncertain  parameters are  grouped  as
= [m,,ﬂm]T, 7w, € RF 7w, € RY2 where k is
the number of lumped parameters for the 6-DOF vehicle
model. A full description of m, would require many
hydrodynamic derivatives, which is impractical, but body-
symmetry considerations allow the number of unknowns to
be reduced substantially.

my collects lumped vehicle contributions: () effective iner-
tial parameters (rigid-body mass and inertia with added-mass
effects), (i4) linear and quadratic drag coefficients, and (4i%)
restoring-force parameters (weight, buoyancy, and center-of-
gravity/center-of-buoyancy offsets). The manipulator param-
eters 7, include () effective link inertial parameters (rigid-
body and added-mass terms), and (4¢) joint-level dissipative
terms (viscous friction, Coulomb friction, and hydrodynamic
drag mapped into joint space).

This lumped parameterization preserves linearity in the
dynamics for identification and control, while full physical
quantities can be reconstructed from 7 together with known
constants such as vehicle and manipulator weight.

vector  is

B. Vehicle Subsystem
The vehicle subsystem is described by

M11(77v) DJqu;(l/, 71'1)) V+Dv(’/a 771}) V+go (7]’ 7Tv) = Tv+Tmo,

(2)
where M, € RS is the inertia matrix including rigid-body
and added-mass terms, C,, € R*6 is the Coriolis—centripetal
matrix, D, € R5%6 embeds linear and quadratic drag in body
coordinates, g, € R®*! accounts for restoring forces, 7, €
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R6*1 is the forces and moments for control, and 7,,, € R6*!
is the manipulator reaction wrench.

C. Manipulator Subsystem

For an n-DOF manipulator, the joint-space dynamics are

Mm(/L,ﬂ'm) ﬂ+cm,(u,ﬂ,7rm) ﬂ+fm(/la77m)+gm(u77rm) = Tm,

3)
where M,,, € R™"*" is the effective link inertia matrix includ-
ing rigid-body and added-mass contributions, C,, € R"*™
captures centrifugal and Coriolis effects, f,, (f1, 7, ) € R?*1
represents dissipative effects at the joint level, including
viscous friction, Coulomb friction, and hydrodynamic drag
transformed from link to joint space, g,, € R™*! accounts
for gravity and buoyancy, and 7, € R"*! are the applied
joint torques.

D. Problem Statement

The objective of this work is to estimate the time-varying
parameter vector m of the coupled UVMS online, using
measured states and inputs over a finite horizon, while also
providing a calibrated measure of parameter uncertainty. The
estimator returns (7, X ), where 7; denotes the adapted pa-
rameters and X ; quantifies their uncertainty. The constraint
of this objective are:

o Preserve linearity in the lumped parameterization to
enable efficient regressor-based identification,

o Adapt to variations in inertia, damping, and restoring
forces induced by hydrodynamic effects,

o Enforce physical consistency constraints on inertia, dis-
sipative effects, and hydrostatics to guarantee realizable
dynamic models.

III. METHODOLOGY
A. Underwater Vehicle Regressor Formulation

The vehicle dynamics (2) can be expressed in regressor
form

T’u""va:Yv(l@Dvn)T(U (4)

Lumped Parameterization: The vehicle parameter vector
is partitioned into three groups, m, = [Tyar; Top; Toa T,
where T,0r = [m — Xgu,..., 1, — Ng.] € R¥n collects
effective inertial terms (rigid-body mass and inertia com-
bined with added-mass effects), m,p = [Xu,...,Np] €
R*¢ contains linear and quadratic damping coefficients in
body coordinates, and m,¢ = [W,B,...,z,W — z,B] €
RFs includes restoring force parameters such as weight
W, buoyancy B, and center-of-gravity/center-of-buoyancy
offsets. Thus, the vehicle lumped parameter dimension is
k=kn+kqd+ kg.

Underwater Vehicle Regressor: The vehicle regressor is

Y, = [Your; Yops Yoa ],

where Y, s € R6%Fm is the Jacobian of inertial and Coriolis
terms M, + C,(v)v wrt. moy, Yop € REXFa s the
Jacobian of the drag forces D, (v, 7,) W.r.t. m,p, and Y,q €
R6*Fs s the Jacobian of the restoring forces g, (n,,)

w.r.t. myg. Thus, the complete vehicle regressor has dimen-
sion Y, € R®*F_ This preserves linearity in the unknown
parameters while accommodating nonlinear dependence on
the vehicle states.

B. Manipulator Regressor Formulation

Manipulator dynamics (3) are expressed in regressor form
[18]

Tm = Ym(ﬂaﬂaﬂaQ) Tms

where 7, = [m1;...;m,]7 € R¥" stacks the link-level
parameters.

Link-Level Parameters: Each link ¢ contributes 12
effective parameters: the mass m;; the first moments
Mily,, mily,, mil,, with £y £, [, the center of mass
(COM) coordinates in the link frame; the inertia compo-
nents Ing i Lyyir Loy Loy iy Loz iy Iyz,; about the link frame
origin; and two joint-level dissipative coefficients f, ;, fs.;
that lump friction and hydrodynamic drag mapped into joint
space. All quantities are effective parameters, combining
rigid-body properties with hydrodynamic added-mass and
drag effects.

Regressor Structure: The torque at joint ¢ follows 7, ; =

’ . Yij
T 12
> i1 YT with gy = ) € R, where
! bij ¢ilf1s)
. 9B, 9B, AP . ..
d
Yij = E( B;li]) — Bn T B With Bry, By, the kinetic

and potential energy regressors of link j, and ¢;(i;) =
[y sgn(f) )T, 8;; = 1if i = j and O otherwise, so the
dissipative terms remain local to each joint.

Since each fr;, By, depends only on joints 1,...,7, it
follows that y;; = 0 for j < i, yielding the block upper-
triangular regressor

Y., — 0 Y22 o an c Rnlen
OT OT e yZ;n

C. Complete System Regressor

Combining the vehicle and manipulator regressors yields
the system-level formulation consistent with (1):

T=Y(¢Om,
T+ Tmo| Y, 0] | )]
Tm B l:O Ym:| Tm

Equation (5) defines the complete UVMS regressor, with
Y, capturing vehicle inertial, damping, and restoring con-
tributions, Y,, capturing manipulator link dynamics, and
the coupling forces 7,,, naturally included in the vehicle
part. This block-structured formulation preserves linearity in
the parameter vector 7 and highlights how the subsystem
regressors integrate into the full coupled model, providing
the foundation for the adaptive dynamics formulation.
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D. Parameter Estimation

A moving horizon estimation (MHE) scheme is employed
to adaptively estimate 7 online. This work uses a robust
convex formulation to handle non-Gaussian disturbances
and outliers, while enforcing physically plausible parameter
estimates.

The parameter estimation is cast as a discrete-time linear
dynamical system with state 7, € RF¥*12" at time ¢:

Mg = T—1 + W,

(6)

Tt = Yimy + vy,

where w; € R*+127)x1 represents the change in parameters

due to adaptation, v, € RN(6+7)x1 j5 the N horizon-stacked
modeling residual, and Y;, 7, denote the horizon-stacked
regressors and observed forces/torques.

Optimization Problem: Given stacked observations over
a finite horizon, the estimate 7, is obtained by solving the
convex problem:

minimize  [[w|[§ + ¢, (ve)

M = Mp—1 + W, )
subject to {7 = Yy + vy,

T € P,

where [lw[|3, = wf Qu, with Q > 0 a scaling matrix, and
¢, (+) is the Huber penalty

Jvell3, [vell2 < p,
Op(r) = { . ®)
2pllvell2 = p% lvell2 > p,

which limits the impact of large outliers.

Physical Consistency Constraints: The feasible set P
encodes physically plausible conditions on the estimated
parameters:

M, (my) = 0, My(m,)" = M,(m,)

Ji(mj) =0, j=1,...,n

Joi =0, fsi>20, i=1,....n 9
TyDJin < 0, TyD,quad <0

Wnax > W > Wiin

where J;(m;) and M, (m,) denote the manipulator pseudo
inertia and vehicle inertia matrices. The coefficients f, ; and
fs,i are viscous and Coulomb dissipation coefficients, 7, p lin
and 7, p quad are vehicle linear and quadratic damping terms,
and W is the vehicle weight. The formulation is convex with
affine equalities and convex inequalities since parameters
enter linearly.

E. Uncertainty Quantification

Uncertainty in the parameter estimates is quantified
from the sequence of increments w; in the adaptive law
my = M1 + we. An exponentially weighted covariance is
employed to capture both variability and drift in the pa-
rameters. Since the parameter set consist of heterogeneous
quantities of different magnitudes, these are normalized to
a common scale. Defining s;—; = max(|m—1], €) as the

maximum parameter value, with ¢ > 0 to avoid division
by zero, the normalization of the increments is given by
W; = s;', © w;. The mean w; and covariance ¥;"’ are
updated as:

12)75 = (1 — Oé) J}t—l + OL’LI}t, (10)

S = (1= ) S + o (@ — ty—1) (i — )T + €I,
(11)

with an importance factor a € (0, 1].

Mapping back to the actual scale of the parameters
yields the increment covariance ng) = St_l,EEw) Si_1,
Si—1 = diag(s;—1), which reflects the variance of the up-
dates. To compute the covariance . ; of the parameters
themselves, 7, scaling is done by L =~ 2/a — 1, which
accounts for the contribution of the importance factor, .
This results in: ¥, ; =~ LEEw).

FE. Use Cases of Estimated Parameters

The estimated parameters 7; are used in both inverse and
forward dynamics to demonstrate the importance of such
approaches for creating accurate simulation models or feed-
forward control methods.

Inverse Dynamics: Given states ((t, G, ft), forces and
torques are computed as 7, = Y; m;, linear in m, and useful
for feedforward control. Uncertainty from the parameters
propagates as Eﬁft ~ Y Y YtT. In practice, predictive
variance must also account for unmodeled effects and sensor
noise. If E‘;"’ise denotes a diagonal covariance estimated from
residual statistics, then %'~ Xt 4 19 provides
confidence bands relative to actual torque measurements.

Forward Dynamics: Given commanded torques 7. and
initial states, the proposed approach can be used for creating
accurate digital-twins of dynamic models. In this case m;
reconstructs the physical matrices M, h, yielding

M(Ca 7Tt)< =T h‘(ga éa 7Tt)
¢=M(C,m)" (r = h()).

Acceleration variance can be approximated b¥ linearizing
{() so that Tp, ~ (g_;-;) S (g_;) . Including
residual disturbance variance yields predictive uncertainty on

forward simulated states.
IV. EXPERIMENT & RESULTS

(12)

a =

Fig. 6: UVMS experiment platform.
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Fig. 5: Identified fit for excited and recorded torque profile of manipulator: (a) joint 2 and (b) joint 3.

Validation experiments were conducted in a 50 m? test
pool using a 6-DOF BlueROV2 Heavy underwater vehi-
cle coupled with a 4-DOF Reach Alpha 5 manipulator,
as shown in Fig. 6. The vehicle was equipped with a
depth/pressure transducer, a Doppler velocity log (DVL), and
an inertial measurement unit (IMU). Sensors provided partial
measurements of depth, orientation, body-fixed velocities,
joint angles, and joint velocities. Acceleration signals were
estimated in real time, filtered to attenuate measurement
noise, and streamed to a station computer for use in online
estimation and model updates. The station processor was an
Intel® Core™ Ultra 9 275HX CPU with 64 GB DDR5 RAM,

and the full estimation pipeline was implemented in ROS 2
Jazzy in Python and C++. The convex optimization problems,
parameterized by a total of k4 12n = 75 unknowns (k = 27
vehicle parameters, with k,, = 10 inertial terms, k; = 12
damping terms, and k, = 5 restoring-force terms, together
with 12n = 48 manipulator parameters for n = 4 joints),
were solved using MOSEK with warm start enabled, en-
suring efficient solver performance during online adaptation.
The full implementation of the regressor construction, adap-
tive estimation framework, and the identified parameter sets
used in these experiments are publicly available at https:
//github.com/RKinDLab/floating—KinDyn.
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It is important to emphasize that the initial parameters of
the model were deliberately set far from the true values of the
physical system. The purpose of the validation experiment
was therefore not to test a tuned model but to evaluate
whether the estimation scheme could adapt parameters online
and converge toward physically consistent values. Valida-
tion was carried out by comparing predicted torques from
the identified model against the observed force and torque
profiles, with progressive reduction in model-data error
demonstrating the effectiveness of the adaptive update.

To sufficiently excite the coupled dynamics, vehicle
thrusters and manipulator joints were constantly under ex-
citation. Filtered outputs (vehicle and manipulator states)
were logged synchronously and used to construct regressor
matrices for the vehicle and manipulator. For the manipulator
subsystem, the block upper-triangular structure of the regres-
sor was explicitly exploited. The most distal joint, which
depends only on its own parameters, was excited and solved
first, and the solution then propagated proximally toward the
base. For the vehicle subsystem, a staged excitation strategy
was adopted to exploit the sparsity of the regressor. Yaw and
heave DOFs, which exhibit minimal cross-coupling, were
excited first to identify their respective inertial and damping
parameters. Roll and pitch were then excited individually
to isolate their diagonal dynamics, followed by combined
surge—pitch and sway-roll maneuvers to reveal cross-inertia
and coupling terms. Finally, quasi-static tilting experiments
provided steady-state restoring moments, allowing estimation
of the effective buoyancy distribution and center-of-gravity to
center-of-buoyancy offsets. By freezing previously identified
parameters and unlocking only small parameter subsets at
each stage, the regressor remained well-conditioned and the
resulting estimates remained physically consistent. Together,
this hierarchical identification procedure, sequentially distal-
to-proximal for the manipulator and least-coupled-to-most-
coupled for the vehicle, yielded a physically consistent
set of parameters. Representative fits of joint torques and
vehicle forces and moments are presented in the following
to illustrate the accuracy of the identified models and the
plausibility of the estimated parameters.

V. RESULTS AND DISCUSSION

The identified models achieve accurate torque, moment,
and force prediction across both subsystems, while preserv-
ing physical consistency. The evaluation of the system has
been done qualitatively and quantitatively. The metrics used
are coefficient of determination (R?), the mean-squared error
(MSE), Mean Absolute Error (MAE), and slope.

For the manipulator, torques shown in Fig. 4 and Fig. 5
closely follow the excited and recorded profiles (7), with
slopes near unity and R? between 0.88 and 0.98. Joint 3
attains the best performance (R? = 0.98, slope = 1.01,
RMSE =~ 0.22 N-m). Joints 0 to 2 also show strong agree-
ment, with slopes 0.76 to 0.97 and RMSE below 0.5 N-m.
The manipulator parameters converge rapidly, often within
the first 10s depending on excitation, as seen in Fig. 7a. In
this figure, it can be seen that the uncertainty bands contract

after this initial adaptation converging to the true value of the
parameters. Furthermore, by studying the eigenvalues of the
pseudo-inertia matrix of the manipulator links (Fig. 8b), the
matrix is confirmed to be positive definite and the validity
of the inertia parameters can be verified.

Identifying the vehicle parameters is more challenging
due to hydrodynamic variability and stronger cross coupling
effects between DOFs. Behaviors in surge, heave, and roll
are reproduced with moderate fidelity, as seen in Fig. 3,
while sway and pitch show lower accuracy. Roll dynamics
are captured with R?> = 0.72 and slope = 1.13. The
vehicle requires more time and richer excitation across its
DOFs to reach stable convergence, and higher sensitivity to
sensor noise appears in wider confidence intervals and small
oscillations that narrow with repeated excitation, as shown
in Fig. 7b.

The lower fidelity in sway and pitch is mainly attributed
to comparatively weaker and less independent excitation of
these DOFs during the identification experiments. Although
dedicated excitation sequences were applied, surge, heave,
and yaw motions were easier to isolate and excite with
higher amplitude and broader frequency content, resulting
in stronger persistence of excitation in the corresponding
regressor blocks. In contrast, sway motion remained more
strongly coupled to roll and yaw, and the lateral hydro-
dynamic forces were influenced by thruster-induced flow
interactions and pool boundary effects. These factors reduce
the effective signal-to-noise ratio and make isolation of pure
sway dynamics more difficult.

Pitch dynamics present a similar challenge. While pitch
was intentionally excited, its behavior is strongly dominated
by restoring moments arising from buoyancy distribution
and center-of-gravity to center-of-buoyancy offsets. Small
uncertainties in these geometric parameters can produce
noticeable discrepancies in predicted moments. Moreover,
pitch responses are typically lower in amplitude compared
to surge or heave under safe experimental constraints, which
limits independent excitation of inertial and damping terms.
Consequently, parameter observability in sway and pitch
remains weaker relative to the more directly and persistently
excited DOFs, leading to reduced predictive fidelity despite
physically consistent convergence.

TABLE I: Average identification metrics for vehicle DOFs and
manipulator joints, based on recorded excited profiles.

DOF / Joint R? slope MSE MAE RMSE
surge (N) 058 062 16.081 2939  4.010
sway (N) 046 1.08  20.072 3.378  4.480
heave (N) 0.68 1.02  42.658 3.397  6.531
roll (Nm) 072  1.13 1.085  0.730 1.041
pitch (Nm) 043 051 1.206  0.879 1.098
yaw (N m) 0.68 1.06 0.392 0439 0.626
joint 0 Nm) 090  0.96 0264 0525  0.007
joint 1 Nm) 0.88 0.76 0.136  0.026  0.477
joint2 (Nm) 0.89  0.97 0.160 0348  0.004
joint 3 (Nm) 098 1.01 0.077  0.071 0.220

Error metrics corroborate these trends, as seen in Table I.

2121



0.115002

value

0.115

m fkg]

0.114998

0

0.0125

o 0012
E}

= oo
0.0105
0

0.2
0.1

0

x107%

10 20 30
time [s]

m x 1., kgm|

= 0.0115 p—

time [s;

L. [kgn]

value
o
@

time [s]

1. [kgm’]

%1078 M X Tey [kgm]

value

0 10 20 30
time [s]

Lo (kg m?]

'

0 10 20 30
time [s]
I, [kgm?]

zy

value

0.01151

m X 7¢, [kgm]

00115 fmm—my

0.01149

value
o

value
B

0.07

10 20
time [s]

Iy (kg w?)

time [s]

L. egm]

30

value

value

woow w0
time [5]

woow W
time [5]

Xu m-Zg,

value
alu
value

-10
0.03
0.9

value
value
value

time [s] time [s]

(a) Joint 2 parameter evolution with 95% confidence intervals.

0.06 0 0
= 005 o %
0.04 w0

time [s]

30 0w 2w w0 0w w w1 0w w w0
time [s] time [s time [5]

(b) Selected vehicle parameters during online adaptation with
95% confidence intervals.

Fig. 7: Online parameter adaptation results for manipulator and vehicle subsystems.

samples

— ideal

Tt [N m)]
(a)

0.3 T T ;
—cl
—_—c2
e3
—_—cd

0.25

0.2

<
=
ot

eigenvalue
j=}
=

-0.05 .
0 20 25

1“5
time [s]
(b)

5 10

Fig. 8: (a) Joint O parity analysis, excited torque versus model computed torque. (b) Eigenvalue trajectory of the pseudo inertia for joint

2, showing positive definiteness.

Results are averaged over 10 experimental trials, each lasting
approximately 40 s. In these experiments, the 95% predictive
intervals consistently enveloped all recorded torque and force
profiles across all runs. For the manipulator, MSE remains
below 0.15 (N - m)2, MAE ranges from 0.05 to 0.1 N - m,
and RMSE is at or below 0.6 N - m. As expected, RMSE >
MAE due to the quadratic penalization of larger residuals.
For the vehicle, larger discrepancies and broader uncertainty
intervals align with higher noise sensitivity and stronger
cross-coupling effects.

For these experiments, solver times remain below 0.03 s
per update, with a median of ~ 0.023 s, seen in Fig. 9. This
confirms the computational feasibility of imposing convex
physical consistency constraints during online adaptation.

To further quantify the benefit of the proposed adaptive
parameter estimation, the retrieved inverse dynamic model

was evaluated offline against a prior model, and the resulting
computed torques were compared against the excitation
forces, moments and torques on each of the robot DOF. The
mean comparison in Fig. 10 shows consistent improvement
across DOFs, lower MAE, lower RMSE, and smaller signed
error, which aligns with the gains reported in Table I. A di-
rectional asymmetry is visible on the reference system DOFs,
where trajectories differ slightly for positive versus negative
torque, consistent with hysteresis-like behavior or direction-
dependent friction. Likely contributors include asymmetric
Coulomb plus Stribeck friction in joints, gearbox backlash,
thruster deadband, and thrust curve asymmetry under flow
reversal. Incorporating asymmetric friction terms, a small
deadband, or a simple hysteresis element, or splitting identi-
fication by torque sign, could further reduce these residuals
while preserving physical consistency. Overall, the identified
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Fig. 10: Comparison of excitation torque versus model torques
computed with prior fixed parameters (blue plots) and with the
adaptive converged parameters (red plots), for vehicle DOFs.

models yield physically plausible parameters and calibrated,
uncertainty-aware predictions, making them suitable for real-
time control and planning in underwater manipulation.

VI. CONCLUSION

The paper presented an approach to adaptively estimate
the parameters of Underwater Vehicle Manipulator Systems
(UVMSs). The proposed approach can learn the parameters
and their uncertainty online, based on the states and inputs of
the system and on a moving horizon estimation formulation.
The paper introduces, for the first time, a unified regressor
method for the UVMS dynamics. Such an approach is useful
for the creation of accurate dynamic digital-twin environ-
ments, the development of control systems, and improving

the models used for localization of underwater vehicles. Fu-
ture work will focus on the implementation of such a model
for energy-efficient model-based control architectures.
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