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Abstract— Reliable state estimation for autonomous under-
water robots is challenging due to GPS denial, poor visibility,
and complex hydrodynamic disturbances. Conventional visual–
inertial odometry (VIO) ignores actuation dynamics, misinter-
preting external forces as noise and causing drift. We introduce
U-VINDO, a multi-sensor framework that integrates physically
consistent robot dynamics with visual–inertial sensor fusion.
A Port-Hamiltonian Neural ODE (PH-NODE) learns energy-
conserving underwater dynamics, pre-integrated as a dynamics
factor in a tightly coupled factor graph that jointly estimates
trajectory and external forces. On real NTNU underwater
datasets, U-VINDO consistently improves accuracy over VINS-
Mono with only marginal overhead. In simulation with known
force ground truth, it reduces average pose error by over 60%
and achieves near-perfect force estimation (R=0.99). To our
knowledge, this is the first integration of physically consistent
neural ODEs into optimization-based SLAM, yielding inter-
pretable force estimates for higher-level autonomy.
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I. INTRODUCTION

Accurate localization is fundamental for autonomous
robots in GPS-denied environments, where turbulent fluids,
erratic currents, and limited visibility degrade sensor data.
Conventional VIO and LIO fuse multi-sensor data to estimate
trajectories, yet neglect the robot’s dynamic model—a rich
source of kinematic constraints. Early attempts relied on an-
alytical rigid-body models that oversimplify nonlinear robot–
environment interactions. Data-driven modeling can capture
these nonlinearities but suffers from poor physical consis-
tency and weak generalization. Hybrid strategies—enforcing
physics while adapting residual effects via learning—offer a
principled balance and can improve robustness in dynamic
environments.

We propose U-VINDO which: (1) employs a Port-
Hamiltonian Neural ODE (PH-NODE) [1] to learn a physi-
cally consistent underwater dynamics model; (2) fuses visual,
inertial, and dynamics cues within a single factor-graph
optimization; and (3) estimates external forces online to
stabilize trajectory prediction under disturbances.

The main contributions are:
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Fig. 1: U-VINDO pipeline: monocular features and IMU
form visual and inertial factors; PWM commands drive the
PH-NODE, preintegrated into a dynamics factor. A sliding-
window factor graph jointly estimates pose, velocity, IMU
biases, and external force.

• Dynamics-informed VIO: A unified factor-graph frame-
work fusing visual, inertial, and learned dynamics con-
straints. The PH-NODE predicts control-induced motion,
pre-integrated analogously to IMU factors, enabling ex-
plicit separation of commanded and disturbance-induced
motion.

• Physically consistent dynamics in the factor graph: The
PH-NODE enforces energy conservation while learning
inertial, damping, and actuation parameters from data,
mapping raw thruster PWM commands to the acceleration
space.

• Online external force estimation: A dynamics residual
compares PH-NODE predicted motion (the commanded
motion following the learnt dynamics of the robot in the
disturbance-free conditions) with visual–inertial observa-
tions, attributing discrepancies to an explicit external force
variable jointly optimized with the trajectory.

II. RELATED WORK

a) Dynamics-Aware SLAM.: Early works extended VIO
with dynamics models for aerial robots. Pre-integrated dy-
namics factors for UAVs were introduced in [2], inspired by
IMU preintegration [3]. VIMO [4] jointly optimized pose and
external forces using analytical UAV dynamics, while VID-
Fusion [5] improved force estimation at high computational
cost. DIDO [6] combines a CNN de-bias module with a
ResNet aerodynamic predictor and an EKF, and HDVIO [7]
couples a temporal-convolution network with factor-graph
optimization for high-rate aerodynamic force prediction. All
of these target aerial platforms whose models do not transfer
to the complex hydrodynamics of underwater vehicles.



b) Physics-Informed Learning for Dynamics.:
PINNs [8] embed physical constraints into training
losses, with UAV applications demonstrating improved
state estimation [9]. Structure-preserving models include
Hamiltonian NNs [10], Deep Lagrangian Networks [11],
and PH-NODEs on SE(3) [12], which capture dissipative
forces without requiring known system parameters. The
latter was recently applied to underwater robots in our prior
work [1], achieving accurate long-term dynamics prediction
— this is the model we build upon.

c) Underwater Dynamics-Enhanced Navigation.:
Model-aided EKFs [13] fused simplified dynamics with cur-
rent estimation but suffer from linearization errors. Pseudo-
DVL methods [14] replaced Doppler log measurements using
a simplified translational model, ignoring rotational hydrody-
namics. Learning-based approaches [15] adapt dynamics on-
line but lack physical consistency. Factor-graph SLAM [16]
switches between VIO and a kinematic model for robustness
in feature-poor environments, but ignoring hydrodynamic
forces still leads to drift. DeepVL [17] learns velocity from
proprioceptive inputs (IMU, thruster commands) fused in an
EKF, maintaining odometry during visual blackout. Yet none
of these integrate physically consistent learned dynamics into
underwater SLAM using only a monocular camera and IMU,
without extra sensors such as DVL or sonar.

III. METHODOLOGY

A. System Overview

Fig. 1 shows the full pipeline, extending VINS-Mono [18].
The front-end extracts image features and preintegrates IMU
data. Control inputs feed the PH-NODE to generate a dy-
namics prior, and a dynamics residual enforces consistency
between model-predicted and observed motion, enabling
joint estimation of trajectory, biases, and external forces in
a sliding-window factor graph.

The state at keyframe k augments the standard VIO state
with an external disturbance term:

xk =
[
pk, qk, vk, bgk , bak

, fek
]⊤

, (1)

where (pk, R(qk)) ∈ SE(3), vk is body linear velocity,
(bgk , bak

) are IMU biases, and fek ∈R3 is the external body-
frame specific force to be estimated. The joint optimization
cost is:

J = evisual + einertial + emargin + edynamics. (2)

The first three terms follow the standard VIO formula-
tion [18], [3], [19]. The edynamics term is detailed in Sec-
tion III-C.

B. Port-Hamiltonian Neural ODE

We adopt the PH-NODE from our prior work [1]. Let
η ∈ SE(3) be the robot pose, ξ ∈R6 its body-frame twist,
ρ = M(η)ξ the generalized momenta, and u the control
input. The dynamics are:

η̇ = η ξ∧, ξ̇ = M−1(η) ρ̇+ Ṁ−1(η)ρ, (3)

where inertia M, dissipation D, potential V , and actuation
map g are all neural networks parameterized to enforce posi-
tive definiteness via Cholesky decomposition. The first three
components of ξ̇ yield the commanded linear acceleration
abd from control inputs alone, under nominal conditions with
no external disturbances. For more details on the PH-NODE
architecture and training, see [1].

C. Dynamics Preintegration and Residual

The dynamics factor enables external-force estimation
by comparing motion predicted by the learned dynamics
model with motion observed from visual–inertial odometry.
The PH-NODE is trained on data collected under minimal
external disturbances [20], so its output abd reflects nominal
actuation-driven motion. External interactions (currents, con-
tacts) are represented as an additional body-frame specific
acceleration f b

e . The continuous-time kinematics separating
commanded from disturbance motion are:

ṗw
b = vw

b , v̇w
b = Rw

b

(
abd + f b

e

)
. (4)

A zero-mean Gaussian prior f b
e ∼N(0,Σf ) reflects that dis-

turbances are typically small unless data suggest otherwise.
To handle high-rate control inputs, we preintegrate the

dynamics between keyframes analogously to IMU preinte-
gration [3]. Integrating over [tk, tk+1] with ∆t = tk+1 − tk
and transforming to the body frame at tk, the state-based
increments are:

βk+1
k = Rbk

w

(
vk+1 − vk

)
− fek ∆t, (5)

αk+1
k = Rbk

w

(
pk+1 − pk − vk ∆t

)
− 1

2fek ∆t2. (6)

The PH-NODE provides the commanded acceleration
abd(t), which acts as a “virtual” measurement source. We
preintegrate it in the bk frame using first-order Euler updates,
initializing α̂bk

bk
=0, β̂

bk
bk
=0, and propagating the orientation

increment γ̂ from gyroscope measurements ω̃:

γ̂bk
i+1 = γ̂bk

i ⊗
[

1
1
2 (ω̃i − bgi)δt

]
, (7)

β̂
bk
i+1 = β̂

bk
i +R(γ̂bk

i )abid δt, (8)

α̂bk
i+1 = α̂bk

i + β̂
bk
i δt+ 1

2R(γ̂bk
i )abid δt2. (9)

The dynamics residual penalizes disagreement between
state-predicted and model-predicted increments, together
with a zero-mean prior on fe:

rd =

α− α̂

β − β̂

fe

 , Wk
d = diag

(
P−1

αβ , Σ
−1
f

)
, (10)

where Pαβ is the preintegration covariance propagated via a
linearized error-state model using an empirically calibrated
dynamics covariance Σdyn, estimated on a held-out vali-
dation set as the sample covariance of prediction residuals
ϵk = ad,k − agt,k.

The residual rd is jointly optimized with all VIO states.
If the trajectory already explains the observations, fe stays



(a) Estimated trajectories.

(b) Position errors.

Fig. 2: NTNU fjord 5: VINS-Mono (blue, dashed) and U-
VINDO (red, dashed) vs. ground truth (black, solid).

TABLE I: NTNU Dataset: ATE [m] and ARE [deg] (RMSE).
Bold = best per sequence.

Sequence
Length

[m]
APE
VINS

APE
U-VINDO

ARE
VINS

ARE
U-VINDO

fjord 1 156.6 0.428 0.445 1.233 1.072
fjord 2 287.3 1.129 1.142 2.654 3.067
fjord 3 183.0 0.776 0.789 1.963 2.055
fjord 4 229.9 0.393 0.490 1.235 1.341
fjord 5 239.5 0.851 0.832 1.863 1.540
fjord 6 387.4 1.245 1.211 2.872 2.361
mclab 1 133.8 0.594 0.417 1.842 1.513
mclab 2 128.8 0.367 0.340 1.984 1.713
Avg. – 0.848 0.833 1.956 1.833

near zero due to the Gaussian prior. Persistent discrep-
ancies between dynamics-predicted and observed motion
drive fe away from zero, indicating genuine external distur-
bances. Crucially, this prevents such disturbances from being
absorbed as bias into visual–inertial residuals, preserving
odometry accuracy even under significant environmental
interactions.

TABLE II: Simulation results: trajectory accuracy (APE [m],
ARE [deg], RMSE) and force estimation. Bold = best.

Sequence
APE

VINS ↓
APE

U-VINDO ↓
ARE

VINS ↓
ARE

U-VINDO ↓
Force RMSE

[N/kg] ↓
Force Corr.

↑

Seq. 1 1.519 0.844 1.523 0.716 0.797 0.984
Seq. 2 1.183 0.631 0.877 0.453 0.292 0.995
Seq. 3 1.312 0.579 0.572 0.387 0.802 0.984
Seq. 4 1.261 0.564 1.090 0.591 0.781 0.981
Seq. 5 1.764 0.362 0.676 0.385 0.746 0.985
Seq. 6 2.292 0.643 1.612 0.713 0.765 0.984

Avg. 1.555 0.604 1.058 0.541 0.697 0.986

IV. EVALUATION

A. Real-World Dataset

We evaluate on the NTNU underwater dataset [20], pro-
viding synchronized imagery, IMU, and thruster commands
from a BlueROV2. Table I reports Absolute Pose Error
(APE) and Absolute Rotation Error (ARE) for the baseline
VINS-Mono [18] and for U-VINDO, and Fig. 2 illustrates
the fjord 5 sequence: panel a shows the estimated x, y, z
trajectories against ground truth, and panel b shows the
corresponding position errors. The comparison highlights
that both methods track the ground truth closely. U-VINDO
achieves slightly reduced drift. On average across the dataset,
U-VINDO achieves consistent improvements: translation er-
ror improves by 1.77% and rotation error by 6.29%, with
only 3.3% runtime overhead,demonstrating that the addi-
tional computational load is manageable within real-time
constraints. These modest but consistent gains indicate that
the dynamics prior can reduce drift and provide a stabi-
lizing effect even in sequences without significant external
perturbations. However, as the dataset does not include
explicit force actuation or ground-truth external forces, it
is unsuitable for quantitative validation of force estimation.
To our knowledge, no public underwater dataset currently
provides visual–inertial data, actuation signals, and ground-
truth external forces simultaneously.

B. Simulation with Known Force Ground Truth

To quantify force estimation, we use HoloOcean [21] to
generate six BlueROV2 sequences with full ground truth:
synchronized images, IMU, PWM commands, and injected
forces up to 20 N at random intervals. For this experiment,
a PH-NODE pre-trained on the NTNU dataset is fine-tuned
on simulator data to mitigate the sim-to-real gap.

Fig. 3a compares trajectories from VINS-Mono and U-
VINDO: both follow ground truth closely, but U-VINDO
shows consistently smaller deviations, especially during
force injections (near 60 s and 120 s).

Table II shows U-VINDO reduces APE by >60% and
ARE by ≈50% relative to the baseline, confirming that
dynamics-informed constraints suppress drift under exter-
nal disturbances. Force estimation (Fig. 3b) recovers both
amplitude and timing of injected forces, achieving mean
correlation R = 0.986 and average RMSE below 0.7 N/kg.
These results indicate that the optimizer consistently assigns
unmodeled dynamics to the explicit force variable rather than
biasing pose or IMU residuals.



(a) Position vs time.

(b) Estimated force components.

Fig. 3: Simulation experiments with injected external forces
in HoloOcean. (a) Position traces: U-VINDO remains closer
to ground truth, particularly near injection intervals (≈60 s
and ≈120 s). (b) Recovered force components: estimated
external forces closely follow ground truth injections.

V. CONCLUSION

We presented U-VINDO, the first underwater VIO system
to integrate physically consistent neural ODE dynamics into
a tightly coupled factor-graph optimizer with joint external
force estimation. The dynamics factor stabilizes odometry
in benign conditions and actively suppresses drift under
disturbances, yielding interpretable force estimates useful for
higher-level control. Future work will extend the framework
to full 6-DoF torque modeling and online adaptive covariance
for out-of-distribution regimes.
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