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Abstract | i

Abstract

Accurate simulation of underwater vehicles is essential for effective design,
testing and deployment of autonomous underwater systems. However,
a persistent challenge in underwater robotics is the sim-to-real gap, the
discrepancy between simulation and reality. Within this domain the gap is
especially pronounced in dynamics modelling. Contributing factors to this
discrepancy between simulated and real-world dynamics include complex
hydrodynamic effects, environmental disturbances and modelling limitations.

This thesis investigates a real-to-sim-to-real approach to improve sim-
ulation fidelity by learning residual dynamics; data-driven corrections that
augment an existing nominal model, in a computationally efficient manner to
assure real-time simulation capability. Specifically, the study compares two
machine learning regression-based methods, K-Nearest Neighbours (KNN)
and Gaussian Processes (GP), for learning residual dynamics of a BlueROV2.
These models are trained on real-world data collected via an underwater
motion capture system in a controlled tank environment and are evaluated in
terms of simulated acceleration and velocity prediction accuracy. To assure
the models real-time simulation feasibility, their inference times were also
evaluated.

The results show that while both models reduce acceleration error,
KNN consistently outperforms GP across most scenarios in terms of overall
simulation accuracy. Notably, large baseline errors underscore the critical
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need for residual correction. However, increased velocity error in GP models
introduces ambiguity in the overall benefit, highlighting the complexity of
evaluating model effectiveness. The results also show that KNN is acceptable
for real-time simulations but for GP it depends on its configuration on the
tested computer.

The study also evaluates the effect of input space complexity. While
models trained on a smaller control input space had more accurate zero-shot
baselines, those trained with full 6-DoF inputs achieved greater improvements,
especially in the rotational axes. This suggests that model expressiveness can
be better utilized in scenarios where the data sufficiently captures the system
dynamics.

Keywords

Simulation, Residual modelling, Real-to-sim, Sim-to-real, BlueROV2, Under-
water robotics, Machine Learning



  

 

 
 

 Examensarbete TRITA-ITM-EX 2026:2 

 

Reducering av sim-to-real gapet för 
undervattensfordon med residual dynamisk 

modellering 

   
  Albin Gunnarsson 

Jesper Knobe 

Godkänt 

2026-01-27 

Examinator 

Fredrik Asplund 

Handledare 

- 

 Uppdragsgivare 

SAAB AB 

Kontaktperson 

Oscar Hermansson 
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Sammanfattning

En noggrann simulering av undervattensfarkoster är avgörande för effektiv
design, testning och driftsättning av autonoma undervatten system. En åter-
kommande utmaning inom undervattensrobotik är gapet mellan simulering
och verklighet, särskilt det dynamiska gapet. Bidragande faktorer till denna
skillnad mellan simulerad och verklig dynamik är komplexa hydrodynamiska
effekter, störningar och modelleringsbegränsningar.

Denna avhandling undersöker en real-to-sim-to-realmetod för att förbättra
simuleringsnoggrannheten genom att lära sig residualdynamiken, dvs. data-
drivna korrigeringar som kompletterar en befintlig nominell modell på ett
beräkningsmässigt effektivt sätt för att säkerställa realtidssimulering. Studien
jämför specifikt två regressionsbaserade metoder, K-Nearest Neighbours
(KNN) och Gaussian Processes (GP), för att lära sig residualdynamik hos
en BlueROV2. Dessa modeller tränas på verkliga data som samlats in
från ett undervattens-Motion Capture-system i en kontrollerad tankmiljö
och utvärderas med avseende på prediktionsnoggrannhet för simulerad
acceleration och hastighet. För att säkerställa modellernas genomförbarhet för
realtidssimulering utvärderades även deras inferenstider.

Resultaten visar att båda modellerna minskar accelerationsfelet, men
att KNN konsekvent presterar bättre än GP i de flesta scenarier när det
gäller den övergripande simuleringsnoggrannheten. De stora grundfelen
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understryker behovet av residualkorrigering. Dock leder ökade hastighetsfel
i GP-modellerna till viss osäkerhet kring den totala nyttan, vilket belyser
komplexiteten i att utvärdera modellernas effektivitet. Resultaten visar även
att KNN är acceptabel för realtidssimuleringar, medan GP:s lämplighet är
beroende av dess konfiguration på den testade datorn.

Studien utvärderar också effekten av styrsignalernas komplexitet. Medan
modeller tränade på ett mindre styrsignalsutrymme hade mer exakta
grundsimuleringar så uppnådde de som tränades med full 6-frihetsgraders
indata större förbättringar, särskilt i rotationsaxlarna. Detta tyder på att
modellens förmåga att representera komplex dynamik kan utnyttjas bättre i
mer komplexa scenarier, förutsatt att datan tillräckligt väl fångar systemets
dynamik.

Nyckelord

Simulering, Residual modellering, Verklighet-till-sim, Sim-till-verklighet,
BlueROV2, Undervattens robotik, Maskininlärning
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Chapter 1

Introduction

This chapter provides an overview of the thesis, including the background,
purpose, research question and overall structure of the work.

1.1 Background

Simulation serves as a fundamental component in robotic system development,
providing researchers with safe, cost-e�ective and scalable environments
for development and validation. The utility of simulation is particularly
pronounced in underwater robotics, where real-world experimentations is
constrained by practical challenges including high operational costs, extended
deployment times, and dependence on favourable environmental conditions
[1]. These constraints make simulation an essential tool for iterative design
and comprehensive system evaluation before costly sea trials. The growing
demand for autonomous underwater exploration and marine operations has
further ampli�ed the reliance on sophisticated simulation platforms for
developing robust underwater robotic systems [2].

However, the utility of simulation is fundamentally constrained by its
ability to accurately represent reality, a limitation commonly referred to as the
Simulation to Reality (sim-to-real) gap [3]. Among the various contributors
to the sim-to-real gap, discrepancies in system dynamics present a particularly
signi�cant challenge in underwater robotics.

This di�culty arises from the complexity of modelling underwater
physics, where �uid-structure interactions, non-linear hydrodynamic forces
such as added mass and damping and environmental disturbances like
currents and turbulence play a critical role [4, 5]. Accurately capturing
these phenomena, particularly in real-time simulations that demand high
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computational e�ciency, is challenging [6]. As a result, the dynamics gap
is especially pronounced in underwater environments and has been cited as a
key reason why underwater systems remain beyond the capabilities of many
state-of-the-art simulators [7]. Hence, bridging this gap is therefore critical to
improving simulation �delity while maintaining the computational e�ciency
required for real-time simulators in underwater robotics [8].

1.2 Purpose

To mitigate this dynamics gap while maintaining computational e�ciency,
recent research has explored data-driven methods that re�ne simulations based
on real-world observations, often referred to as real-to-sim methods [7]. A
prominent example is residual dynamics modelling, which seeks to learn
the discrepancy between simulated and real dynamics. By integrating this
learned residual into the simulation, this strategy improves the alignment
between simulated and real-world dynamics, potentially enhancing the realism
of simulation-based methods and hence decreasing the sim-to-real gap [9].
The purpose of this thesis is to evaluate this strategy for an underwater vehicle
simulator.

1.3 Problem Description

Despite the growing interest in residual dynamics modelling, its application
to complex, non-linear domains such as underwater vehicles remains limited.
Nevertheless, success in other �elds suggests its potential by learning
the residual model with Machine Learning (ML) methods. For example,
[10] successfully employed a residual dynamics model based on K-Nearest
Neighbour (KNN) to achieve high-performance autonomous drone racing,
demonstrating competitive results in real-world scenarios. This outcome
is particularly notable given the simplicity and non-parametric nature of
KNN, highlighting its potential for capturing residual dynamics even in high-
speed, dynamic environments with fast inference times. However, due to
its simplicity, it does not o�er the same generalizability as more expressive
ML methods such as Gaussian Process (GP) [11]. GP have been shown
to deliver improved performance for residual modelling in robotics tasks
by incorporating probabilistic reasoning and capturing smooth, non-linear
functions [12, 13]. While GP has shown good generalizability, it has a cubic
complexity growth with data size [14], which causes size restriction in the
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dataset.
Nevertheless, in underwater domains, the performance of KNN and GP

for residual modelling is less understood. In particular, it is unclear how well
these models generalise when control complexity increases, from 3-Degrees
of Freedom (DoF) (only translational) to full 6-DoF (translational + rotational)
control, and whether they can provide su�cient accuracy and computational
e�ciency for implementation to a real-time underwater simulation.

This creates a need for systematic evaluation of KNN and GP-based
residual dynamics models in underwater environments to determine their
e�ectiveness in improving simulation �delity and narrowing the sim-to-real
gap.

1.3.1 Research Question

Based on this problem statement, the interesting research gap to �ll is how
residual dynamic modelling performs in the underwater domain. Hence the
research question for this thesis is:

What are the implications of using KNN or GP in residual
dynamic modelling to assure real-world accuracy and su�cient
computational times for real-time simulation* applications?

*Real-time simulation updates its state and produces outputs in synchrony
with real-world time constraints, typically within �xed time steps set in the
simulation [3].

1.4 Scope

The aim of this thesis can be structured into the following pipeline divided into
two main parts;

1. Real-to-sim (residual training)

(a) Collect real-world data of the underwater vehicle's dynamics.

(b) Train the residual dynamic model based on this data.

2. Sim-to-real (residual inference)

(a) Deploy the trained residual model into the simulation.
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(b) Evaluate the performance from the nominal simulation compared
with the residual inference against real-world evaluation data.

To summarize, the scope of the system can be visualized by the system
overview in Figure 1.1. The underwater vehicle used in this thesis and
visualized in the �gure is the BlueROV2.

Figure 1.1: System Overview
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1.4.1 Delimitations

To increase this project's feasibility, delimitations were made. The evaluation
was limited to a single underwater vehicle, the BlueROV2. To learn more
about it, view Appendix B.1. Additionally, all tests were conducted at Swedish
Maritime Robotics Centre (SMaRC)'s newly built underwater tank, located
at KTH Royal Institute of Technology (KTH) Campus. The tank measures
10 m � 5 m � 3 m and provides a controlled environment free from the
external disturbances typical of open-water settings. More about it in Chapter
3. Moreover, the facility is equipped with an underwater Motion Capture
(MoCap) system, eliminating the need for a sensor-based perception system
as it gives ground-truth data of the rover's state. This setup mitigates the
risk of perception errors and enables more time to be spent on modelling the
dynamics.

1.5 Research Methodology

To answer the research question, a case study approach was chosen to examine
the di�erent residual dynamics modelling methods on the underwater vehicle.
This study analyses how residual dynamics modelling with control inputs
of varying complexity a�ects the accuracy of the simulation in terms of
acceleration and velocity. The inference times of the residual models will also
be studied to evaluate their real-time simulation feasibility.

While a more extensive experimental design or benchmarking study could
o�er broader insights, this was beyond the scope and time constraints of this
project. Instead, a case study provides a manageable and meaningful way to
compare residual dynamics methods that can inform future, more extensive
studies.

Detailed information on setup, environments and evaluation metrics is
provided in Chapter 3.

1.6 Disposition

The outline of the thesis is as follows:

ˆ Chapter 2 presents the theoretical background relevant to the thesis.
This includes modelling methods for underwater vehicles, the concept
of residual dynamics and an overview of ML regression methods and
why GP and KNN was chosen.
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ˆ Chapter 3 describes the methodology and case design. This includes
data collection, the simulation environment, research process, the
evaluation framework used to assess model performance and the validity
of the methodology.

ˆ Chapter 4 presents the case results, showing the performance of the
GP and KNN-based residual models across di�erent levels of control
complexity.

ˆ Chapter 5 provides a discussion of the results, drawing conclusions
about the e�ectiveness of the residual modelling approaches and their
potential for improving simulation �delity and the limitations of it.

ˆ Chapter 6 concludes the thesis and outlines future research directions,
including extensions toward more generalizable results.

ˆ Appendix contains detailed information about the BlueROV2 platform,
including modelling assumptions and implementation-speci�c details
that support the case work.
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Chapter 2

Theoretical Background

This chapter provides a scienti�c background and describes papers that deal
with the same problem area as this thesis. It also provides the rationale behind
the key design choices made.

It begins by outlining underwater vehicle modelling frameworks com-
monly used for underwater vehicles and the associated challenges with them.
The chapter then introduces the concept of residual dynamics modelling as
a real-to-sim strategy to enhance simulation �delity by learning data-driven
corrections to nominal models. Finally, a discussion of di�erent modelling
methods for residual modelling is given and why KNN and GP was chosen.

2.1 Underwater Vehicle Modelling

Accurate modelling of underwater vehicles is essential for developing reliable
simulations and control strategies. Multiple modelling techniques exists, each
with its advantages and limitations balancing physical accuracy, computational
cost and practical usability. This section compares two such methods:
Computational Fluid Dynamics (CFD) and the Fossen-based analytical model,
and motivates the choice of the latter for this thesis.

One of the most detailed methods for simulating underwater dynamics is
CFD, particularly using Reynolds-Averaged Navier-Stokes (RANS) solvers
[15]. CFD allows for high-�delity modelling of the �uid interactions,
capturing complex hydrodymaic phenomena such as vortex shedding, added
mass e�ects and turbulence around the vehicle's body [16]. These
simulations o�er deep insights into the forces acting on the vehicle and
have been successfully applied to control-oriented modelling of Autonomous
Underwater Vehicle (AUV)s [17].
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However, despite its high �delity, CFD is computationally intensive
and therefore poorly suited for real-time applications or iterative control
development work�ows. Real-time simulation demands that the model
compute and update system dynamics at the same rate as real-world time,
typically within a strict interval, which imposes stringent constraints on
computational e�ciency [18]. Solving the Navier�Stokes equations with
su�cient spatial and temporal resolution requires substantial processing power
and latency, making it infeasible to operate within real-time bounds on current
hardware [15]. As a result, CFD is generally relegated to o�ine model
calibration rather than integrated into real-time control frameworks, which is
why it is impractical for this thesis's focus on e�cient, real-time simulation.

To address this computational complexity, this thesis adopts the Fossen-
based analytical model, which provides a physics-grounded yet computation-
ally e�cient framework for describing 6-DoF rigid body underwater vehicle
dynamics [19]. This model incorporates key hydrodynamic e�ects such as
added mass, damping, and restoring forces using a system of non-linear
di�erential equations. These equations are for the BlueROV2

_� = J(� )� (2.1)

M _� + C(� )� + D (� )� + g(� ) = � + � tet (2.2)

where the vector� = [ x; y; z; �; �;  ]T describes the absolute position and
Euler rotations of the rover related to the world frame. Furthermore, the vector
� = [ u; v; w; p; q; r]T is the translational and rotational velocities in the body
frame. Since the BlueROV2 is tethered, an additional vector of forces and
torques,� tet , is added to represent the tether's in�uence [20]. The equation
variables and frame are explained in Table 2.1 and Figure 2.1.

Table 2.1: Equation Variables

Notation Description
J(� ) Velocity transform-matrix from

body to world velocity
M Inertia Matrix of rover

C(� ) Corioliscentripetal Matrix
D (� ) Damping matrix
g(� ) Vector of gravitational and buoy-

ancy restoring forces
� Vector of input forces from thrusters

� tet Vector of tether forces
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Figure 2.1: BlueROV2 Body and World Frame Reference [20]

These coe�cients are typically estimated using experimental data or system
identi�cation techniques. For instance, [20] estimated the parameters of
a BlueROV2 model using empirical data, improving simulation �delity for
that speci�c platform. The parameter values derived from their study were
adopted in this thesis. A detailed description of the model implementation
and parameter usage is provided in Appendix A.

While this approach supports model-based control and real-time simula-
tion, it still presents limitations. Accurate parameter estimation is challenging
due to the inherently non-linear, environment-dependent nature of underwater
dynamics. As a result, many e�ects, particularly unmodelled nonlinearities
and external disturbances, remain unaccounted for. Additionally, as CFDs are
more complex, the Fossen model inherently have unmodelled behaviours in
comparison [21]. A trade-o� for it being more computationally e�cient.

2.2 Dynamics Residual

To address the limitations above, residual dynamics modelling o�ers a
promising solution to improve the model dynamics with a lower computational
cost compared to CFD. Residual dynamics modelling is a Reality to
Simulation (real-to-sim) approach aimed at enhancing the �delity of simulated
dynamics by incorporating data-driven corrections. Rather than attempting
to replace a physics-based model entirely, this method augments an existing
nominal model, in this case the Fossen model, with a learned residual
component that captures unmodelled or inaccurately modelled dynamics.
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This requires real-world data to establish a reliable ground truth of the
system's dynamics used for the training. For this thesis, the setup enabling this
is illustrated by Figure 2.2 showing a screenshot at timet. The middle picture
shows the real BlueROV2 in the water tank and the left picture displays the
MoCap software tracking the vehicle's state in real-time. More about this in
the data collection section, 3.3.

Figure 2.2: MoCap, real and simulation at timet

The right picture demonstrates the BlueROV2 simulation at the same time,t.
This setup enables the collection of time series data for the real and simulated
vehicles' states and accelerations,areal

t andasim
t , with the same control input

u t . The acceleration vectors contain both linear and angular acceleration.
Training on this data, the residual model learns to predict the residual

acceleration de�ned by 2.3.

ares = areal � asim (2.3)

This acceleration is then used to generate a residual force and torque vector
derived as

� res = Ma res (2.4)

where M denotes matrix A.4. � res can then be added to 2.2 to generate
the residual force and torque. This hybrid formulation combines the
interpretability and structure of physics-based models with the �exibility and
adaptability of learning-based methods [22]. For details about the model
implementation, view Appendix B.4.
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The residual acceleration is converted to force and torque via the
inertia matrix, M , rather than added directly to the acceleration term
for two main reasons. First, this preserves the physical structure of the
Fossen model by applying corrections within its force�torque formulation,
2.2. Second, it provides interpretability, expressing learned residuals as
physically meaningful forces and torques. Although the inertia matrix may
be approximate, this approach aligns better with established simulation and
control frameworks while maintaining physical consistency. As such, the
force-based formulation was chosen for this thesis.

2.2.1 Modelling Methods

While residual dynamics modelling has gained considerable attention across
various domains, its application to complex, non-linear systems such as
underwater vehicles remains underexplored. Nevertheless, success in other
�elds suggests its potential by learning the residual model with ML methods.
For example, [10] successfully employed a residual dynamics model based on
KNN to achieve high-performance autonomous drone racing, demonstrating
competitive results in real-world scenarios. This result is particularly
noteworthy given the simplicity and non-parametric structure of KNN,
which enables fast inference. In the context of underwater robotics, with
already computationally demanding modelling, such low-latency methods
are especially relevant, suggesting that even lightweight models can yield
meaningful improvements in simulation �delity without incurring substantial
computational cost. This is particularly important for creating real-time
simulators where sampling e�ciency is important when implementing
simulation-based controllers with the intention of being implemented in reality
[23].

However, due to its simplicity, it does not o�er the same generalizability as
more expressive ML methods that is needed for complex environments [11].
Hence, the interest of comparing KNN to a more expressive ML regression
method in the underwater domain becomes clear. For this many options
exists. In the realm of soft robotics, neural networks have been utilized
for residual modelling. In a recent study, a residual physics method for
modelling soft robots with large degrees of freedom was introduced [22].
They trained neural networks to learn a residual term, the modeling error
between simulated and physical systems, thereby enhancing the accuracy of
simulations. Their method outperformed traditional system identi�cation
techniques, demonstrating the e�cacy of neural networks in capturing
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complex, un-modelled dynamics.
While neural networks o�er substantial expressiveness, they present

several challenges for underwater robotics applications. Neural networks
typically require extensive training data, can su�er from over-�tting in data-
sparse environments, and provide limited uncertainty quanti�cation without
additional architectural modi�cations [24]. These limitations are particularly
problematic in underwater environments where data collection is expensive
and safety-critical decisions require reliable uncertainty estimates.

Gaussian Processes present a compelling alternative that addresses these
speci�c challenges [25]. Unlike neural networks, Gaussian Processes
provide principled uncertainty quanti�cation as an inherent feature of the
model, making them particularly suitable for safety-critical underwater
operations where understanding model con�dence is essential. Additionally,
Gaussian Processes can perform e�ectively with smaller datasets and naturally
incorporate prior knowledge through kernel selection, characteristics that align
well with the practical constraints of underwater robotics research. The ability
to quantify uncertainty is especially valuable for autonomous underwater
vehicles operating in unknown environments, where understanding the
reliability of model predictions directly impacts operational safety and mission
success [26]. The use of GP for residual dynamic modelling has also shown
promising results in other �elds [12, 13].

Therefore, this study focuses on comparing KNN and GP as residual
dynamics modelling methods. KNN serves as a baseline due to its
simplicity and low computational cost, while GP represents a more complex,
probabilistic approach. By evaluating these methods, this thesis aims to
understand the trade-o�s between model complexity, inference time and
accuracy in the context of underwater vehicle dynamics. For a more detailed
description of the models implementation, view Appendix B.4.

2.2.2 Complementary Approaches

System Identi�cation (SysID) represents a parallel real-to-sim method widely
used for estimating physical parameters, such as hydrodynamic coe�cients
and actuator dynamics, from experimental data. Traditional approaches rely
on Fossen's 6-DoF formalism and use methods like least squares, Kalman
�ltering, or non-linear regression. More recent techniques integrate machine
learning, such as neural networks or GP, to model complex or partially
unknown dynamics [27].

Although SysID is a standard approach for modelling dynamic systems,
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it has limitations and is usually not enough to close the gap. It often
relies on prede�ned model structures, which may not capture complex real-
world behaviour. Important to note is that residual dynamics modelling
does not aim to replace SysID but rather to complement it. By learning the
discrepancy between the nominal and real-world behaviour, residual models
can compensate for modelling de�ciencies and improve simulation �delity,
even when precise parameter identi�cation is infeasible and without needing to
model the whole system. As such, it serves as a practical and computationally
e�ective enhancement to simulation-based controls, especially when used
alongside existing physics-informed models [8].
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Chapter 3

Methodology

This chapter describes the Methodology used in this thesis. Section 3.1
describes the case, section 3.2 outlines the research process and section 3.3
describes the data collection. Finally, section 3.4 explains the techniques used
to evaluate the reliability and validity of the data collected.

3.1 Case Description

This study uses a case study methodology to investigate the implications of
using KNN and GP as residual dynamic modelling methods to improve the
simulation by increasing its real-world accuracy.

The used BlueROV2 is an open-source underwater vehicle with 6-DoF
dynamics and hydrodynamic damping. In the modelled dynamics of the
BlueROV2, the damping coe�cients caused by added mass were estimated
empirically with reported errors ranging from 10�20% for translational
movement and 30�100% for rotational movement. These errors may be larger
due to deviations in vehicle geometry from method assumptions [20]. This
typify challenges faced in modelling many marine vehicles. As the robot
moves in all 6-DoF, the complexity of modelling the system increases.

In line with [28, Sec. 2.2], which de�nes a case study as an empirical
investigation of a contemporary software engineering phenomenon within its
real-life context, this work focuses on applying learned residual models to a
simulation of the BlueROV2 and comparing with the real-world rover.

The BlueROV2 serves as a test bed, where ground-truth state is captured
using motion capture to �nd model inaccuracies. The MoCap system provides
millimetre accurate states in a controlled tank, which is essential for learning
and validating residual corrections.
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The research question, whether KNN and GP residual models can reduce
sim-to-real error, is important when there is a baseline error and a high-
precision ground truth is needed, this setup ful�ls both those requirements.

The input sequence was manually generated by teleoperating the vehicle in
the test tank with the goal of covering as much of the operational state-space
as possible. A diverse set of motion patterns was performed in both linear and
rotational movements. For the �rst complexity level (3-DoF), commands were
applied independently in surge, sway, and heave. In the second complexity
level (6-DoF), the operator intentionally combined linear and rotational inputs
to collect the full actuator set. This approach aims to expose the model to
a wide range of conditions it may encounter in deployment. While some
variability is expected if repeated, the key dynamics and coverage would likely
remain similar, making the dataset representative and su�cient for learning
residual behaviours.

3.2 Research Process

The research process is as follows:

1. Implement the BlueROV2 model in the simulation.

2. Real-world trials: collect ground-truth streams of velocity and
acceleration along each input sequence.

3. Zero-shot simulation: replay each input sequence in the simulation
without residuals to establish a baseline.

4. Train residual models: �t KNN and GP regressors on the acceleration
error time series (real - simulation).

5. Corrected simulation: re-run each input sequence with residual model
inference, compute the performance metrics and measure their inference
times.

6. Compare baseline vs. with residual inference performance to answer the
research question.

3.3 Data Collection

All real-world data was captured with SMaRC's underwater MoCap system,
which comprises a network of synchronized high-speed cameras and re�ective
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