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Abstract

Virtual environment simulations have gained great importance in the field of robotics by
enabling the validation and optimization of control algorithms before their implementation
on real platforms. However, the construction of accurate digital models is limited not
only by the lack of detailed characterization of the components but also by the uncertainty
introduced by the physics engine and the plugins used in the simulation. Unlike other
works, which attempted to model each element of the robot in detail and rely on the
physics engine to reproduce its behavior, this paper proposes a methodology based on
model following. The proposed architecture forces the simulated robot to replicate the
dynamics of the real robot without requiring exactly the same physical parameters. The
experimental validation was carried out on two unmanned surface vehicle (USV) platforms
with different dynamic parameters and, therefore, different responses to excitation signals,
demonstrating that the proposed approach enables a drastic reduction in error. In particular,
RMSE and MAE were reduced by more than 98%, with R? values close to 1.0, demonstrating
an almost perfect correspondence between the real and simulated dynamics.

Keywords: digital models; modeling and control systems; mobile robots; design methodology

1. Introduction

The development of autonomous and teleoperated mobile robots has recently acceler-
ated, driven by advances in artificial intelligence, sensors, and control systems. Ensuring
their safe and efficient operation in real environments requires reliable simulation tools
that enable validation and optimization prior to deployment.

In this context, Digital Models have emerged as virtual representations that comprehen-
sively capture the geometric, physical, and dynamic characteristics of real systems. Unlike
generic simulations, Digital Models integrate parameters from analytical and experimental
sources to closely replicate system behavior within physics-based simulation environments.

The concept of a Digital Model is interpreted in various ways, largely depending on
the context of its application. Although it is commonly described as a virtual counterpart of
a physical entity, the term is often used ambiguously, leading to different understandings
and confusions. For example, some researchers do not differentiate between Digital Models
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such as three-dimensional representations and Digital Twins, treating these concepts as
equivalent. Several works have addressed the categorization of simulation types [1-4].
Table 1 shows a summary of these levels.

Table 1. Simulation levels and their characteristics in robotics simulation environments.

Simulation Level

Description

Numerical representation
Digital Mockup
Structural Model

Software-in-the-Loop
(SITL)

Hardware-in-the-Loop
(HITL)

Digital Model

Digital Shadow

Digital Twin

Mathematical models implemented in tools like MATLAB/Simulink, describing dynam-
ics through equations without spatial rendering or physics.

Geometric visualization using mesh files (e.g., . STL) for appearance and layout, with-
out physics-based interaction.

Robot structure with links, joints, and kinematics (URDEF/SDF), enabling collision detec-
tion and articulation without dynamic simulation.

Simulation including actual control software running in a virtual environment
that emulates robot sensors and actuators, enabling the testing of software logic
without hardware.

Integration of physical hardware components with simulation; the controller runs on the
real robot hardware (plant), while sensors and actuators are simulated.

Physics-based model with calibrated geometric and dynamic properties, not synchro-
nized in real time with the physical system.

Real-time digital representation updated from physical sensor data, without feedback to
the real system.

Real-time bidirectional replica of the physical system, enabling monitoring, control,
and predictive optimization.

1.1. Related Works

This subsection reviews digital models developed for different types of robotic plat-
forms, outlining representative examples and then summarizing the main methodologies
employed for their development.

In the literature, the term digital twin is often misused to describe only a geometric
representation of the robot. In reality, such models correspond to digital mockups without
the ability to reproduce dynamic behavior. A true digital twin requires bidirectional
synchronization with the real robot, ensuring continuous two-way data exchange. Thus,
simulation environments that model a real robot but lack any communication in the loop
are, in fact, digital models rather than digital twins.

Several digital models have been developed to represent mobile robots across dif-
ferent domains, including Unmanned Aerial Vehicles (UAVs), Unmanned Ground Vehi-
cles (UGVs), Unmanned Surface Vehicles (USVs), and Unmanned Underwater Vehicles
(UUVs). For UAVs, platforms such as the DJI Phantom series and Parrot drones have
well-documented dynamic models. DJI’s SDK and simulation tools enable detailed flight
dynamics and sensor simulation [5-7]. Similarly, Parrot offers simulation environments that
replicate vehicle behavior for control development and testing [8,9]. Open source autopilot
projects like PX4 provide highly detailed digital models integrated into simulators such as
Gazebo and JMAVSim, which incorporate aerodynamic effects, sensor models, and actuator
dynamics [10-13].

In the realm of UGVs, Clearpath Robotics” Husky is a widely used platform with
accurate kinematic and dynamic digital models designed for ROS-based simulation and de-
velopment [14,15]. The TurtleBot series is another prominent platform, offering simplified
but versatile digital models for indoor navigation, SLAM, and robotics research [10,16].

A review of existing USV simulators highlights these limitations. For instance, PX4’s
SITL simulator for watercraft provided only a basic environment until it was discontinued
in 2023, mainly due to its reliance on a ground vehicle model with Ackermann steering,
which is unsuitable for marine dynamics [17]. Webots introduced a Heron USV simulator
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in 2025, but it uses a simplistic linear mapping for its thrusters and lacks fluid dynamics
modeling, making the system unstable when scaled to faster or heavier vehicles [18]. In
contrast, VRX is one of the most advanced simulators, incorporating models of waves,
wind, and dynamic thruster response [19-24]. However, it is restricted to the WAM-V
catamaran platform developed by the same organization.

Regarding the methodologies for developing Digital Models, several studies employ
neural networks or deep learning to identify the robot’s dynamics and then integrate
these models into virtual environments equipped with plugins that emulate sensors, ac-
tuators, and external conditions [25-29]. Nevertheless, the simulated behavior can vary
considerably depending on the physics engine. For instance, Gazebo 11 relies on the Open
Dynamics Engine (ODE), which numerically solves differential equations to approximate
system dynamics, while the Gazebo Garden adopts the PhysX engine, originally designed
for video games. Consequently, the accuracy of a Digital Model depends not only on the
identification methodology but also on the underlying physics engine, the configuration of
its plugins, and the level of detail used in constructing the robot’s virtual model.

In addition, such simulation environments require the precise characterization of the
devices (e.g., mass, inertia, and density) to reproduce realistic behavior. However, many
robotic prototypes are built with components whose physical and dynamic properties
are not accurately documented by manufacturers. This lack of reliable characterization
prevents the development of truly representative digital models. In practice, researchers
often validate their controllers using commercial simulators designed for platforms of a
similar type to their own systems. These simulators may share the same dynamic structure;
nevertheless, the actual dynamic parameters often differ considerably. Consequently,
the behavior of the simulated system may diverge from that of the real robot, leading to
unrepresentative simulations.

1.2. Main Contributions

This paper proposes a novel methodology based on a “model following” simulation
approach. This technique involves dual system identification: one applied to the real
robot and the other to its simulated counterpart in a high-fidelity virtual environment,
both using the same structural model. The central idea is not to replicate exact physical
parameters, but to ensure that the simulated robot behaviorally matches the real system.
This behavioral matching leads to the creation of dynamic digital models that remain
valid despite uncertainties, providing a practical and robust alternative for researchers and
developers working under resource constraints.

This proposed technique differs from the existing literature in that it does not create a
digital model from scratch; instead, it uses an existing one and forces it to behave like the
real platform. This approach provides an additional level of realism that is independent of
the plugins and the physics engine used.

1.3. Paper Outline

The remainder of this paper is organized as follows. Section 2 introduces the materials
and methods, including the platforms and simulation environment. Section 3 presents
the system identification process, where Section LQS-Based Parameter Estimation details
the LQS-based parameter estimation. Section 4 describes the model-following strategy;,
with Section Proposed Closed-Loop Model Following Architecture outlining the proposed
closed-loop model-following architecture. Section 5 reports the results, with Section 5.1
providing the analysis of results and Section 5.2 presenting future work. Finally, Section 6
concludes the paper, and Appendix A summarizes the excitation signals.
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2. Materials and Methods

This study evaluates the proposed simulation methodology through two distinct
experimental systems. The first is the widely adopted WAM-V, a catamaran-style system
featured in the Virtual RobotX competition environment. The second is the IAcquaBot,
a low-cost differential USV developed by the Universidad Nacional de San Juan. These
two platforms represent contrasting levels of mechanical complexity and modeling fidelity,
and thus provide a meaningful basis for testing the adaptability of the proposed Digital
Model strategy.

The IAcquaBot is a compact, single-body USV designed for low-cost autonomous op-
eration in calm or semi-structured aquatic environments. It has a rigid hull with four
fixed thrusters in a differential configuration: two on the front and two on the rear.
Unlike the WAM-V (Figure 1a), IAcquaBot lacks mechanical suspension or modularity
(Figure 1b), making it structurally simpler but more susceptible to environmental dis-
turbances. The main features of the WAM-V and IAcquaBot platforms are summarized
in Table 2.

The simulation environment requires the installation of several pre-requisites such as
Ubuntu 20.04, ROS Noetic, and Gazebo 11.

(a) WAM-V (VRX) simulation environment (b) IAcquaBot simulation environment

Figure 1. Simulation environments used for this study: (a) WAM-V platform running in the VRX simu-
lation framework; and (b) IAcquaBot platform simulated using Gazebo-based simulation framework.

Table 2. Comparison between WAM-V and IAcquaBot platforms.

Feature WAM-V IAcquaBot

Length [m] 49 1.5

Width [m] 2.3 0.67

Mass [kg] 180 21

Hull Type Modular with mechanical suspension  Single rigid body, flat-bottomed
Thruster coordinates (body frame) [m]  Left: (—0.7, +0.7); Top Left: (+0.5, +0.335);

Max thrust per thruster [N]
Min thrust per thruster [N]

Right: (—0.7, —0.7) Top Right: (0.5, —0.335);
Back Left: (—0.5, +0.335);
Back Right: (—0.5, —0.335)

+90 +36.4

—85 —28.4

Dynamic Model Formulation Based on Fossen’s Approach

In this study, we consider the dynamic model in the body frame (see Figure 2). The re-
lationship between the state variables is described by the following equation:
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IX

Figure 2. Inertial and body-fixed reference frames for the IAcquaBot.

=1, 1
cos(¢p) —sin(y) 0

J(¥) = |sin(p) cos(yp) 0. 2
0 0 1

where 7 represents the linear and angular velocities of the robot in the inertial frame,

T
andv = [u s. r] denotes the velocity vector in the body-fixed frame, where u and vs.
are the surge and sway linear velocities, respectively, and r is the yaw angular velocity.
Finally, we obtain the following dynamic equation:

Miv+Cv)v+Dv)v = T 3)

From this framework, Fossen [30] proposes a structured representation of the dynamic
model, where the matrix M and its components are given by

m — Xu 0 0
M= 0 m — Yv 0 ’ (4)
0 0 I, — N;
This matrix represents the system’s inertia and added mass, where m is the mass of

the vehicle, and A;; are the added mass coefficients.
The Coriolis-centripetal matrix C(v) is expressed as

0 0 —(m —Yy)vs.
C(v) = 0 0 (m—Xy)u |, (5)
(m—Ys)vs. —(m—Xy)u 0

The damping matrix D(v) is defined as

—Xu _qu|u| 0 0
D(v) = 0 =Yy — Yoo|v| 0 , (6)
0 0 —N; — Ny, 7|

Finally, the generalized force vector 7 is given by
Ty

T =Ty (7)
T,
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where m is the vehicle mass, I, is the yaw moment of inertia, and Xj;, Yy, N are the added
mass terms. The linear damping coefficients are X;, Y, N;, while X, Yy», Nyr represent
the quadratic damping terms. The generalized input vectoris T = [T, Ty, T;] ", where
Ty, Ty, and T, are the surge force, sway force, and yaw moment, respectively.

3. System Identification

The system identification (see Figure 3) begins with the experiment design, generating
excitation signals for each thruster to stimulate the USV and recording its response. These
signals include sinusoidal, square, mixed, constant, and random functions. For each time
instant k, the rise time (T;) and ultimate time (T;,) were calculated. The signals generated
for model identification and validation can be found in Appendix A.

This data must be stored and subsequently filtered and processed to remove noise.
A mathematical model of the USV is then calculated using identification techniques with
minimum error, in this case, using least squares.

The calculated model is validated through experiments by comparing the model’s
predictions with actual data. Based on the validation results, the model is calibrated to
improve its accuracy, which may involve adjusting the model parameters or modifying the
model structure.

Experiment Generation of
Design Excitation Signals
Data
Storage
Filtering and Model
Processing Calibration

Calculate Model

No: Revise

Validate

l Yes: Use it

Figure 3. System identification process for USV.

LQS-Based Parameter Estimation

The dynamic equations can be expressed in a regression form as
®(1,v)é = T, (8)

where ®(v,v) is the regressor matrix, J is the vector of parameters to be identified (see
Table 3), and 7 is the generalized force vector. This formulation can be written as

P, T
o)~ ||, <= |

4’711 Tm
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where each row block ¢; corresponds to the i-th measurement and is given by
w —or 0 w Juu 0 0 0 O
¢;,=|ur o 0 0 0 ws Jojv 0 O . (10)
o 0 # 0 0 0 0 7r |r|r],
()
The unknown parameter vector J is obtained through the least-squares solution:
-1
5 = (<1>T<1>) oT7 =o', (11)
where ®* denotes the Moore-Penrose pseudoinverse of the regressor matrix.

Table 3. Estimated parameters.

(51 = m—Xu- (52 = m—Yy 53 = IZ—N;"
54 = Xu 55 = Xuu 56 = Yv
07 = Yoo b = N, 09 = Ny

4. Model-Following Strategy

Once both systems have been identified, the objective is to minimize the velocity
response error between the reference robot and its Digital Model. The guiding principle is
that, if both systems exhibit the same velocity response to a given excitation signal, then
the simulation is dynamically equivalent.

In conventional simulation workflows, control inputs, such as generalized torques
(T, T;), are directly fed into the plant, and the resulting linear and angular velocities (1, v, )
are observed. This process assumes that the physical model accurately represents the real
system. The flow can be expressed as shown in Figure 4.

Ty u
tuput Robot Model Y
Torques T obot Mode r

Figure 4. Conventional simulation workflow.

Proposed Closed-Loop Model Following Architecture
Let the identified dynamic models be

My + Cr(v)vy + Dr(vi)vy = 7, and  Msvs + Cs(vs)vs + Ds(vs)vs = T,

where the subscript r refers to the components describing the reference robot and the
subscript s refers to the simulated robot. T, are the excitation torques applied to the system
to be emulated, v, are the velocities predicted by the reference model, 7, are the torques
resulting from the dynamic velocity controller, and v are the velocities obtained by the
simulated robot.

The proposed methodology is a closed-loop velocity control scheme in which the refer-
ence system provides target velocities to be followed by the simulated model. The complete
flow is represented as shown in Figure 5.

The error between the reference and simulated robot velocities is calculated as

e = Vv, — Vs (12)
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Next, the function Gamma, which includes the velocities error and its derivatives, is
defined as
Y = Vrt+kgé (13)

where k; is a gain factor. Finally, the control torque 7. is calculated using the inverse
dynamics model of the simulated robot [31]:

Tc = Msy+ Csvs + Dsvss (14)

In this closed-loop system, the dynamics of the error are given by

Vs = Ms_l(Ms'Y + Cs(Vs)Vs + DS(VS)VS - Cs(Vs)Vs - DS(VS)VS> (15)

In the limit as t — oo, the velocity error tends to zero, implying that vs = v,
meaning that the simulated robot accurately tracks the reference robot’s velocities despite
the differences in their physical parameters.

u . Ue Tue .o
Input Robot Model Vref Dynamic Velocity ” Inverse Model Robot 9, 0
Torques T (Reference) Controller ¢ (Simulated) e (Simulated)
12
Vref =+ —

Figure 5. The proposed methodology: closed-loop velocity control where the reference system
provides target velocities for the simulated model.

5. Results

In this section, we present the results of experiments conducted in a virtual envi-
ronment for the identification and validation of the USV dynamic models, as well as the
evaluation of the proposed model-following control strategy.

Figure 6 shows the velocity responses of IAcquaBot and WAM-V when subjected to the
excitation signals described in Figure Alb. The results demonstrate that each USV exhibits
different dynamic behaviors, leading to significantly different velocity responses. The
corresponding velocity differences between both platforms, expressed in terms of RMSE,
MAE, and R?, are summarized in Table 4. This confirms the need to identify separate
dynamic models for each platform.

Based on these observations, the identification process was carried out using the
excitation signals from Figure Ala, which were designed to explore the dynamic range of
each vehicle. The LQS method was applied to estimate the J; parameters of the dynamic
model for each platform. Table 5 presents the identified parameters for both the [AcquaBot
and WAM-V platforms, along with their 95% confidence intervals (ClIs) and standard
deviations (STDs).

Subsequently, two additional experiments were conducted to validate the identified
dynamic models. Figure 7a,b present the comparison between the measured data and the
simulated responses of the IAcquaBot model, while Figure 8a,b show the corresponding
results for the WAM-V. In both cases, the models were excited using the input signals
depicted in Figure Alb. The corresponding tracking error metrics for each state variable
are summarized in Table 6. The close agreement between the measured states and the
model outputs confirms that the identified parameters provide a sufficiently accurate
representation of each USV for control design and simulation purposes.

An experiment was conducted to evaluate the performance of the proposed model-
following controller. In this case, the excitation signals were manually generated using
a joystick. The objective was to assess whether the WAM-V, equipped with the model-
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following controller, could emulate the velocity response of the IAcquaBot to the same
inputs. The velocity controller gains were empirically tuned.

Figure 9 compares the velocity responses for the joystick-generated inputs in three
cases: (i) the IAcquaBot response to joystick inputs; (ii) the WAM-V response to the same
joystick inputs, computed using its own identified model; and (iii) the WAM-V response
obtained via the velocity controller using the IAcquaBot velocities as reference (WAM-V,).

To quantitatively assess the similarity between the responses, Table 7 presents the
performance metrics (RMSE, MAE, and R?) for both WAM-V and WAM-Vc with respect
to IAcquaBot, across all translational and rotational velocity components, as well as the
position and orientation states.

Furthermore, four additional experiments were conducted to assess robustness under
exogenous disturbances with different magnitudes and headings, combining steady cur-
rents and winds. The disturbance configurations for each trial are summarized in Table §,
and the resulting tracking errors (RMSE) are reported in Figure 10. Across all cases, both
velocity and position errors remained in the 0.0x range.

The results highlight that, while the WAM-V exhibits significant deviations from
the IAcquaBot in both kinematic and dynamic states, the WAM-Vc achieves errors that
are orders of magnitude lower and R? values approaching 1.0, indicating a near-perfect
tracking performance. These findings demonstrate that the proposed simulation strategy
enables the WAM-V to closely replicate the velocity dynamics of the IAcquaBot.

no

vy, WAM-V
v, TAcquaBot

Forward Speed v, [m/s]

0 5 10 15 20 25 30 35 40 45

v, WAM-V
v, TAcquaBot

Sway Speed v, [m/s]
(=}

0 5 10 15 20 25 30 35 40 45

o

~

ke

&

=3

<

P 0

5]

~

B v, WAM-V

f‘ -1 | I | | | ‘ v, TAcquaBot
0 5 10 15 20 25 30 35 40 45

Time s

Figure 6. Measured body-fixed velocity responses v, v, and v, of IAcquaBot and WAM-V under the
same excitation signals.

Table 4. Velocity differences between IAcquaBot and WAM-V.

Velocity Component RMSE MAE R?
Forward speed u [m/s] 0.25840 0.20668 0.86794
Sway speed v [m/s] 0.15799 0.10405 0.51773

Yaw rate r [rad/s] 0.21584 0.13807 0.79921
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Sway Speed v [m/s]

Yaw Rate r [rad/s]

Forward Speed u [m/s]

Table 5. Identified parameters &, for IAcquaBot and WAM-V with 95% confidence intervals (Cls) and

standard deviations (STDs).

IAcquaBot

Symbol Estimate 95% CI STD

0 124.5923 [123.9456, 125.2389] 0.3299
) 120.0275 [118.7015, 121.3535] 0.6765
03 141.5164 [140.9026, 142.1302] 0.3132
Oa 25.9335 [25.0368, 26.8303] 0.4575
5 35.9833 [35.2669, 36.6996] 0.3655
6 37.0247 [34.1923, 39.8570] 1.4451
% 25.7968 [21.0590, 30.5346] 2.4172
g 200.2944 [198.1114, 202.4775] 1.1138
g 18.5319 [15.3741, 21.6898] 1.6111

WAM-V

Symbol Estimate 95% CI STD

& 125.9712 [125.4830, 126.4593] 0.2490
1) 121.4476 [120.2338, 122.6614] 0.6193
J3 70.5019 [69.9934, 71.0104] 0.2594
b4 26.5692 [25.5330, 27.6054] 0.5287
5 35.8778 [35.2117, 36.5440] 0.3399
b6 36.4337 [33.3414, 39.5260] 1.5777
o7 27.4138 [22.6374, 32.1903] 2.4369
g 99.1686 [97.1265, 101.2107] 1.0419
2 10.6007 [8.2782,12.9233] 1.1849

Position = [m]

BopoN
S & 8
T T T

o «
T

30

IS
&

e
o

Position y [m]

o & & N o
T

Yaw 1) [rad]

Time [s]

@)

Figure 7. Validation of the identified dynamic model for the IAcquaBot platform. (a) Velocities in the
body-fixed frame: v;,, vy, and v;. (b) Positions and orientation in the inertial frame: 1, 17y, and 77;p.
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Sway Speed v [m/s] Forward Speed u [m/s]

Yaw Rate r [rad/s]

~

-

o

[
@

Position =

o o

20 25 30 35 40 4

&
)

Position y [m]
o & A& N o
T

Time [s] Time [s]

@) (b)

Figure 8. Validation of the identified dynamic model for the WAM-V platform. (a) Velocities in the
body-fixed frame: v,,, v, and v;. (b) Positions and orientation in the inertial frame: 1, 17y, and 7.

Table 6. Validation metrics (RMSE, MAE, and R?) for the identified dynamic models of IAcquaBot
and WAM-V.

IAcquaBot WAM-V
State RMSE MAE R? RMSE MAE R?

vy [m/s] 0.03714 0.03111 0.99548 0.04508 0.03519 0.99598
vy [m/s] 0.01254 0.00984 0.99541 0.01314 0.00880 0.99666
vy [rad/s] 0.00956 0.00644 0.99887 0.01714 0.01025 0.99873
1y [m] 0.32232 0.26361 0.99847 0.11266 0.09312 0.99988
11y [m] 0.13300 0.11067 0.99774 0.33700 0.28346 0.97451
1y [rad] 0.01699 0.01276 0.99976 0.02663 0.01918 0.99974

WAM-V
WAM-Vc
= = =I|AcquaBot

Vu, [m/ s]

WAM-V

WAM-Vc

= = =|AcquaBot
T

vy [m/s]

0 10 20 30 40 50 60

WAM-V
WAM-Vc
1 = = =IAcquaBot
L T

v, [rad/s]

L 1 1 )
0 10 20 30 40 50 60
Time [s]

Figure 9. Comparison of the velocity responses for the three simulated vessels. Red dashed lines rep-
resent IAcquaBot’s response to joystick inputs, burnt yellow lines correspond to WAM-V’s response
to the same inputs, and blue lines correspond to WAM-V’s response obtained via a velocity controller
using IAcquaBot’s velocities as a reference.
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Table 7. Performance metrics (RMSE, MAE, R?) for WAM-V and WAM-Vc with respect to IAcquaBot.

S RMSE MAE R?
tate
WAM-V WAM-Vc  WAM-V  WAM-Vc WAM-V  WAM-Vc
vy [m/s] 0.3596 0.0048 0.2830 0.0038 0.6120 0.99993
vy [m/s] 0.2850 0.0017 0.1995 0.0012 —12.435 0.99953
vy [rad/s] 0.3152 0.0015 0.2278 0.0009 —3.3631 0.99990
1x [m] 14.0200 0.0162 10.6480 0.0119 —14.295 0.99998
11y [m] 7.3910 0.0377 4.6920 0.0275 —3.3243 0.99989
1y [rad] 3.3198 0.0031 2.6537 0.0020 —6.5001 0.99999
0,035 RMSE velocities 0.06 RMSE positions
. [ . [ x
. v .y
0.03 1 |[Er i 005 | |HHy
0.025
0.04
512 0.02 + .
2 Z 003
1 e~

0.015

0.02 -
0.01 -

0.005 0.01 -

0 0

exp_1 exp_2 exp_3 exp_4 exp_1 exp_2 exp_3 exp_4

Figure 10. RMSE for WAM-V with respect to IAcquaBot across up to four experiments. Left: RMSE
for velocities; Right: RMSE for positions.

Table 8. Disturbance profiles used in the four robustness trials. Notation (left to right): F, = current
force [N]; ¢ = current direction [deg]; F, = wind force [N]; i, = wind direction [deg]; Fy, = resultant
force [N]; ¢y, = resultant direction [deg]. All directions are inertial-frame angles measured counter-
clockwise from the + X axis.

Trial Fc [N] P [deg] Fw NI ¢y [degl Fx [N] Px [deg]
Exp. 1 1.20 10.0 0.85 -5.0 2.03 3.8
Exp. 2 6.80 110.0 6.20 70.0 12.22 91.0
Exp. 3 2.70 80.0 2.40 40.0 4.79 61.2
Exp. 4 6.20 —70.0 4.90 —120.0 10.08 -91.9

5.1. Analysis of Results

This work proposes a methodology to build Digital Models of mobile robots in contexts
where a complete characterization of their components is not available. This situation is
common in research prototypes, where many devices lack detailed specifications from
manufacturers or are directly developed by researchers, without a formal documentation of
their physical or dynamic properties. This lack of information complicates the construction
of simulation environments based on physics engines such as Gazebo or Webots, which
require specific parameters to reproduce realistic behavior. As an alternative, we propose a
strategy based on the parallel identification of the real vehicle’s dynamic model, and the
identification of a reliable simulated model with a similar structure. This way, the Digital
Model does not need to replicate all physical details but rather emulate the observable
dynamic behavior in the degrees of freedom relevant to the control.

We conducted our experiments using USVs to validate the approach. Across all state
variables, the RMSE and MAE were reduced by more than two orders of magnitude; for
instance, in v, the RMSE decreased from 0.3596 m/s to 0.0048 m/s (approximately 98.7%
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reduction) and the MAE from 0.2830 m/s to 0.0038 m/s (also 98.7% reduction). Similar
improvements were achieved for v, and v,, with reductions exceeding 99%, while in 77, and
11y the RMSE decreased by 99.88% and 99.91%, respectively. These results indicate that the
virtual USV exhibited behavior significantly different from the reference platform. With the
controller implemented, however, R? values exceeded 0.9995 for all states, demonstrating
an almost perfect match between the controlled USV and the reference dynamics. Although
demonstrated with USVs, this methodology can be applied to any other mobile platform,
provided that a reliable simulator with a similar and fully characterized model structure is
available in the literature.

A key observation from the experiments is that, despite the real vehicle exhibiting a
non-holonomic constraint, the tracking of the forward velocity and the yaw rate enable
the indirect compensation of lateral motion. This was possible because of the natural
coupling of the dynamics, showing that, even when only some degrees of freedom are
explicitly controlled, it is possible to achieve dynamic behavior similar to that of the
reference system. In this sense, a hybrid Digital Model was obtained to faithfully reproduce
the three identified degrees of freedom, while the remaining three (roll, pitch, and heave)
were inherited from the base simulated model.

An inherent limitation of including a controller in the simulation loop is that the
simulated vehicle’s behavior is constrained by the imposed references. This prevents the
observation of free responses to unknown disturbances. However, if such disturbances can
be identified or modeled (e.g., currents, winds, or external forces), they can be incorporated
into the simulation loop to approximate the resulting behavior.

Although in this work the dynamic identification of the real platform was carried out
using an LQS-based approach, the proposed strategy is not limited to this method. Alterna-
tive identification techniques, such as recursive estimation, subspace methods, or machine-
learning-based approaches, could be employed to obtain comparable results provided
that they produce a dynamic model suitable for reference tracking. Similarly, the velocity
controller used in our experiments followed a model feedback structure, but this is not a
strict requirement. Any control scheme capable of accurately tracking the reference veloci-
ties generated by the model can be integrated into the proposed methodology. In essence,
the core idea is to perform model following based on velocity references and a dedicated
velocity controller, regardless of the specific identification or control algorithms chosen.

Moreover, the proposed structure allows the testing of various control strategies, such
as trajectory tracking, path following, or obstacle avoidance. The general scheme—signals
input — reference model — tracking controller — inverse model of the simulator — robot
simulator — output—can be interpreted as a single block, i.e., an input-output system.
Consequently, the Digital Model not only represents the vehicle’s dynamics but can also
serve as a comprehensive simulation unit to validate navigation or control strategies.

5.2. Future Work

Future work will explore the integration of non-invertible models, such as neural
networks, into the proposed strategy by adopting alternative control approaches. One
promising option is Model Predictive Control (MPC), which can operate without an explicit
inverse model. With suitable adaptations, MPC could enable the use of black box dynamics
while maintaining tracking accuracy and robustness, although at the cost of increased
computational complexity.

Another promising research direction is extending the proposed architecture towards
the implementation of a Digital Shadow. This could be achieved by replacing the model-
based reference velocities with real-time velocity measurements from the physical robot
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(HiTL). In such a configuration, the simulator would continuously mirror the actual state
and motion of the vehicle, enabling a synchronized virtual replica.

6. Conclusions

This study presented a novel methodology to design the Digital Models of mobile
robots when a complete characterization of their components is not available. The technique
is based on the dual identification of the dynamic models of the real robot and a virtual
simulator with a similar structure, generating a hybrid twin that uses the identified degrees
of freedom and inherits the remaining ones from the base simulator.

Two platforms with completely different characteristics in terms of dimensions, in-
ertias, and hydrodynamic variables were employed to illustrate the applicability of the
methodology under markedly different conditions. This selection aimed to illustrate the
approach under clearly contrasting conditions. In real applications, however, the researcher
should calibrate the mechanical design of the simulated model (URDF) to match the actual
robot as closely as possible, and then use the model-following approach to fine-tune the
simulated response, reducing residual errors and achieving a closer match to the real
vehicle’s behavior.

The experimental validation was conducted with two USVs, although the methodology
is applicable to other mobile platforms as long as there is a reliable simulator with a
comparable structure. This strategy overcomes the limitations of physics-based simulators
when faced with incomplete data and facilitates the validation of control strategies for
navigation, such as trajectory tracking or obstacle avoidance.

Although, in this case, the modeling relied on identification via LQS, alternative
approaches, including models based on artificial intelligence such as neural networks or
deep learning, could also be adopted. Since the methodology involves dual model analysis,
it is advisable to employ computationally lightweight structures to maintain real-time
performance. Additionally, the proposed strategy requires an inverse dynamics model.
Black-box models or neural networks are typically not invertible, which limits their direct
application in this framework.

The current scheme considers imposed references but can incorporate known external
disturbances to improve realism. In summary, it offers a practical way to build Digital
Models that are useful for the design and validation of control systems for mobile robots.

Finally, the proposed architecture constitutes a preliminary step toward the develop-
ment of a Digital Shadow. Specifically, if the reference velocities were obtained directly
from the real-time measurements of the physical robot instead of an identified model,
the simulator could accurately replicate the actual behavior of the vehicle. This would
allow for a synchronized virtual representation of the robot’s state and motion, laying the
foundation for real-time monitoring and advanced decision-making systems.
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Abbreviations

The following abbreviations are used in this manuscript:

usv Unmanned Surface Vehicle

VRX Virtual RobotX (simulation for autonomous vehicle competitions)
WAM-V  Wave Adaptive Modular Vessel

DTs Digital Twins

DMs Digital Models

UAV Unmanned Aerial Vehicle
UuGv Unmanned Ground Vehicle

LQS Least Quadratic Squares
DOF Degrees of Freedom
CI Confidence Intervals
STD Standard Deviations

RMSE Root Mean Square Error
MAE Mean Absolute Error

R2 Coefficient of Determination
SiTL Software-in-the-Loop

HiTL Hardware-in-the-Loop
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Figure A1. Command (CMD) signals sent to the left and right thrusters during the system identifi-
cation experiments. (a) Identification signals, designed to explore the vessel’s full dynamic range.
(b) Independent validation signals, used to test how well the identified model can predict the
vessel’s behavior.
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