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Abstract
Accurate state estimation for autonomous robots is challenging due to GPS denial, turbulent
currents, and degraded sensor data. Conventional Visual-Inertial Odometry (VIO) fuses visual
and inertial measurements but ignores the robot's dynamic model, leaving useful kinematic
constraints unused. This research presents a framework integrating a Port-Hamiltonian Neural
ODE (PH-NODE) dynamics model into a tightly coupled factor-graph optimizer. The PH-NODE
enforces physical consistency via Hamiltonian structure, learning inertia, damping, and actuation
parameters with symmetry and positive definiteness guaranteed by Cholesky decomposition.
Control-induced accelerations are preintegrated between keyframes, forming a dynamics factor
that separates commanded motion from external disturbances. The system is evaluated on the
NTNU BlueROV2 dataset and HoloOcean simulations with injected forces. On real data,
translational and rotational errors are reduced by 1.77% and 6.29% over VINS-Mono with only
3.3% runtime overhead. Under simulated disturbances, pose error drops by over 60% and force
estimation achieves R = 0.9949, demonstrating that hybrid physics—learning models improve
trajectory accuracy while yielding interpretable disturbance estimates.
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PaGota BeimonHeHa B pamkax HUP Ne54144 «MccnemoBanre METONOB M aJTOPHUTMOB MAITMHHOTO
oOydeHust st 0O0pabOTKM CEHCOpPHOM WHGOpPMalMK W YIpaBiIeHUS poOOTaMH B JHHAMHYECKOM
OKPYXKCHUW».
AHHOTALUSA
TouyHast OIleHKa COCTOSIHHS aBTOHOMHBIX TOJBOJHBIX POOOTOB OCTa&TCs CIIOKHOM 3amaueil B
ycnoBusix orcyTcTBUsA GPS, TypOyneHTHBIX TeUeHHH M YXYAIIEHHOTO KadyecTBa CEHCOPHBIX
nanHbIX. Knaccuueckasi BuzyanbHo-uHepHuaibHas onomeTpus (VIO) oObenunseT Bu3yaabHbIe U
UMHEpLUaJbHble H3MEPEHMs, HO HE YYHUTHIBAET JMHAMUYECKYI0 MOjeidb po0oTa, OCTaBiIssd
KMHEMAaTUYECKHE OTPaHUYEeHUs HEUCIOJIb30BaHHBIMU. B nanHON paboTe mpeisioxkeHa cucrema,
UHTErpupytomas nopr-raMuibroHoBy HelpoHHyio ODE (PH-NODE) B TecHO cBs3aHHBIN
ontummuzarop Ha QaxkropHoM rpade ans nonsogHoi nokanuzaiuu. PH-NODE o6ecneunBaet
(GU3NYECKYI0 COIIACOBAHHOCThH Yepe3 raMUJIBTOHOBY CTPYKTYpY, oOydasi mapaMeTpbl UHEPIHH,
neMr@upoBaHUs U yNpaBlIeHUs] ¢ TapaHTHEH CUMMETPUU U MOJOKUTEIBHOW ONpeaeaéHHOCTH
MIOCPEACTBOM PA3JIOKEHHS XOJIEIKOTO. YCKOPEHHMsI, HHAYIIMPOBAaHHbIE KOMaHAAMH YIIPaBJICHMUS,
OPEABIHTETPUPYIOTCS. MEXJy KIIIOUEBBIMU KaJapamu, (GopMupys IMHaMUYECKHid ¢akTop,
pasIensomuid KOMaHAHOE JBM)KCHHE M BHEIIHME BO3MylleHus. CucreMa OLEHMBAIACh Ha
HaOope manHbIx NTNU BlueROV2 u B cumynstope HoloOcean ¢ cumamu. Ha peanbHbIx
JMAHHBIX OIMMOKHM TIEpPEMENICHHs M BpalieHus cHuxeHbl Ha 1,77% u 6,29% 1o cpaBHEHHIO C



VINS-Mono npu HaknaaHbix pacxomax 3,3%. B ycinoBusix cuUMynupyeMbIX BO3MYLICHHM
cpeaHss omMOKa o3kl cHUkaeTcs 0onee yeMm Ha 60%, a oLeHKa cuil JocTUraeT koppensuuu R =
0,9949, nonTBepxnas 3pPpeKTUBHOCTb THOPUIHBIX (PU3UKO-00YHAIOIIUX MOJIETIECH.

Kirouesble ciioBa

NOJBOJHAS  OJOMETpHUsS,  BHU3yalbHO-MHEpLUalbHas  ogoMerpusi, HedpoHHas  ODE,
HOPT-TaMUJIBTOHOBBI CUCTEMBI, ONTUMHU3aLUs Ha (DaKTOPHOM rpade, OLEHKa BO3MYILEHHH,
ABTOHOMHBIE TTOJIBOJTHBIE aIapaThl

Accurate localization in GPS-denied underwater environments is challenging due to
turbulent currents and degraded sensor data. Conventional Visual-Inertial Odometry (VIO)
estimates trajectories from multi-sensor data but neglects the robot’s dynamic model, a rich
source of kinematic constraints. Analytical dynamic models oversimplify real-world effects,
while data-driven approaches suffer from poor physical consistency and weak generalization. We
propose a framework that addresses these limitations by employing a Port-Hamiltonian Neural
ODE (PH-NODE) to learn a physically consistent dynamic model, fusing visual, inertial, and
dynamic cues in a single factor-graph optimization, and estimating external forces online to
stabilize trajectory prediction.

The system is built around three components. First, a PH-NODE operating on SE(3)
enforces energy conservation via Hamiltonian structure, learning inertial, damping, and actuation
parameters with symmetry and positive definiteness guaranteed by Cholesky decomposition,
yielding a data-adaptive acceleration prior from raw thruster commands. Second, the predicted
body-frame acceleration is preintegrated between keyframes analogously to IMU preintegration;
a dynamics factor attributes motion discrepancies to an explicit external force variable optimized
within the sliding-window graph, preventing disturbances from biasing VIO residuals. Third, the
factor-graph back-end extends VINS-Mono with dynamics-informed constraints, jointly
estimating pose, velocity, IMU biases, and external forces.

The system is evaluated on the NTNU BlueROV?2 dataset and HoloOcean simulations
with injected forces up to 20 N. On real data, translational error is reduced from 0.848 m to
0.833 m (1.77%) and rotational error from 1.956° to 1.833° (6.29%) over VINS-Mono, with only
3.3% runtime overhead. In simulation, average pose error drops by over 60% (APE: 1.555 m —
0.604 m) with force estimation achieving R = 0.9949 and RMSE below 0.7 N/kg. This work
presents the first integration of physically consistent neural ODEs into optimization-based
underwater SLAM, demonstrating that hybrid physics—learning models improve odometry
accuracy while yielding interpretable disturbance estimates.
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