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Abstract— Simulation is a key technology in robotics as
it enables the generation of environmental data and testing
scenarios for development and maintenance purposes. How-
ever, simulations are an imperfect representation of the real-
world and the so-called sim-to-real gap between simulation
and reality hinders the deployment of virtual developed so-
lutions without additional effort. Modeling complex systems
like highly dynamic and holonomic mobile robots presents
additional complexities in simulation. This paper addresses
these challenges through a case study on creating a model
for a highly dynamic logistics robot. The study considers
the modeling of the entire system down to creating suitable
colliders for the rollers of a Mecanum wheel. Additionally,
the impact of significant physics parameters is presented. To
bridge the sim-to-real gap, a pipeline is developed that utilizes
a Motion Capture system to compare the behavior of a real
robot with its simulated counterpart across various motions. By
leveraging expert knowledge gained from the real-world data,
the simulation model is manually tuned to replicate complex
system behaviors, such as sliding effects.

I. INTRODUCTION

Simulation has an outstanding potential to drive innova-
tions in robotics by accelerating development cycles and
providing virtual test environments [1]. Even so simulation
models are abstractions of real systems and therefore by def-
inition imperfect. Modeling complex robots [1] and bridging
the gap between simulation and reality, known as the sim-to-
real gap [2], [3], are the main challenges within the usage of
simulation. A common example of a challenging modeling
task is the implementation of holonomic robots, whose
motion relies on the interaction between the ground and
the rollers of an omnidirectional wheel [4]-[6]. These robots
are used in various use cases, like mobile manipulators, as
their high degree of freedom and agility makes them very
efficient [7]-[10]. Simulating omnidirectional robots has a
long history, but in most cases, the real-world dynamics are
only roughly modeled due to limitations of the simulation
tools [11]-[13]. Other work focuses less on the model itself
and more on the application, such as localization and navi-
gation [14]. A series of publications [15]-[18] has developed
more sophisticated simulation models, but focus only on less
dynamic motion. With the increasing number of simulation
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tools for robotics [19], [20], simulating complex and highly
dynamic robots should be feasible as well. However, a survey
among developers revealed that the complexity of creating
models and the reality gap are the primary reasons for
not utilizing simulation [21]. This paper aims to address
these challenges by providing guidance on simulating highly
dynamic omnidirectional mobile robots and outlining how
different methods affect the gap between the resulting model
and the real robot. Instead of focusing on mathematical
considerations, this paper presents a modeling guideline that
highlights key parameters since common simulation tools
[22] use a general physics engine to perform rigid body
simulation and allow the user to modify the model behavior
by changing its attributes such as joint attributes (damping,
stiffness, etc.), rigid body inertia properties and collision
meshes. This list can grow extensively, so it becomes over-
whelming to understand which parameters have the most
impact, both in quality of the results or in computational
costs. In this paper, NVIDIA Isaac Sim [23] is used, as it
fulfills the demand of robotics developers seeking a single
simulation tool for various tasks [21]. Isaac Sim combines
GPU-based high-quality renderer with the state-of-the-art
physics engine PhysX, which is a general purpose whole
world physics model based on Extended Positon-based Dy-
namics constrained optimization. It supports integration with
the Robot Operating System (ROS), serves as a training
environment for Reinforcement Learning [24], and facilitates
the generation of synthetic data, among other features. The
modeling approaches are demonstrated using O3dyn [25]
(Fig. 1(a)), a logistics robot for autonomous pallet transport
indoors and outdoors. O3dyn can move omnidirectionally at
velocities up to 10 m/s and has an air suspension for lifting
pallets and driving on uneven terrain. These characteristics
make O3dyn an excellent example of a complex robot with
high dynamics. To ensure experiment reproducibility, the
model (Fig. 1(b)) has been released as open-source [26].

(a) Reality (b) Simulation
Fig. 1: The logistics robot O3dyn.
The contribution of this paper is to establish a process that
serves as a guideline for building simulation models using
realistic parameters, understand which parameters are the
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most impactful on the model performance and accuracy, and
validate it with the real-world behavior of highly dynamic
omnidirectional mobile robots. The process consists of three
parts: First, the modeling of omnidirectional dynamics is
demonstrated by focusing on the Mecanum wheels and their
rollers, providing insights into the effect of different collider
models on the driving behavior and computational resources.
Second, key physics parameters and their impact on the
overall simulation model behavior are outlined through small
experiments. Third, real-world data are used to analyze the
behavior of the robot and compare simulation and reality.
The key parameters are then used to manually optimize the
simulation model and reduce the sim-to-real gap.

II. MODELING OF OMNIDIRECTIONAL MOBILE ROBOTS

Building a robot’s simulation model typically starts with
importing its construction data from the Unified Robot
Description Format (URDF) [27] or Computer Aided Design
(CAD) file [28]. For the O3dyn simulation model, shown
in Fig. 1(b), the CAD data are imported via Onshape [29].
Afterward, multiple manual steps are performed to replicate
the real robot. Since the construction data of O3dyn are
used, redundant components, such as screws or wires, are
first removed to minimize the required computing resources.
Within this step, some textures for the visuals are optimized
to represent the real-world appearance. The joints of the
robot are automatically generated during import, but some
characteristics, such as damping and stiffness for the suspen-
sion, wheel drives, and actuators, need to be tuned. To avoid
modeling the air suspension mechanism, the dynamics of the
suspension are transferred to equivalent joints that replicate
its behavior. Then topological loops are marked to maintain a
tree structure in the hierarchy. In this paper, the joints of the
damping system are chosen to be relatively stiff compared
to the real system. This reduces the influence of an O3dyn
specific component, and results can be better transferred
to other omnidirectional robots. Optionally, sensors such
as laser scanners and cameras [30], can be modeled. The
simulation model should be part of the ROS ecosystem like
the real O3dyn. Therefore, the ROS interfaces are replicated
via OmniGraph [31]. Further, the link structure of the model
is modified to match the robot’s TF-Tree. This step is
usually not needed for models imported from URDF. The
resulting simulation model, along with a definition of its
coordinate system, is shown in Fig. 2(a) and is open-source
accessible [26]. For the entire vehicle motion the modeling of
the Mecanum wheels is important, each wheel is controlled
independently to enable the robot to drive in three directions
(longitudinal, lateral, and rotation) [10]. This is modeled
by using active revolute joints in simulation. Further, any
wheel shown in Fig. 2(b) consists of 7 rollers. These are
sized and arranged in a fashion, that a contact between a
roller and the ground is guaranteed while the wheel rotates.
Gaps between the rollers would lead to small bumps [10].
Therefore, the simulation model of the wheel needs to be
perfectly round [9], as shown in Fig. 2(c). The mathematics
for controlling the wheels within a holonomic base controller

are not described here, the corresponding formulae can be
found in one of the numerous sources on this topic [4], [9],
[18]. Based on this, the base controller can be implemented
either via OmniGraph as well as with a custom node based
on the Isaac Sim Python API or ROS2 joints.

(a)

Fig. 2: The simulation model of O3dyn (a) with coordinate
system and its Mecanum wheel in two perspectives (b), (c).

A crucial aspect of the wheel modeling is the roller
collider. Using a high-poly mesh to accurately represent the
original wheel seems a good choice, but it leads to many
contact points during motion and therefore to high com-
putational costs. To avoid a reduced real-time performance,
[17] and [18] use low-poly models, while [4] even models a
custom mesh consisting of 5 spheres. In this paper the impact
of nine different collider models on the robot’s movement
is analyzed, a selection of the types is shown in Fig. 3.
Most meshes are manually created and aim to accurately
align the geometric bodies of the CAD data of the rollers.
The first type uses cylinders, which intuitively match the
shape of the rollers (4C, 7C). The second type consists of a
varying number of spheres (4S, 6S, 8S, 10S), but excludes a
sphere in the middle due to the presence of a notch for the
roller bearing. However, an optimized version (O) with 11
spheres is developed, which includes a sphere in the middle
to provide smoother ground contact. Additionally, two auto-
generated colliders based on CAD data are being analyzed:
Convex Hull (CH) and Convex Decomposition (CD).

4C ' {

Fig. 3: Selection of the collider models used to represent the
rollers of the Mecanum wheel.

The impact of the models is analyzed in three experiments.
O3dyn is driven along a straight line with a slow velocity
of v = 0.1m/s using an open-loop controller, as the focus
lies on the contact between the collider and the ground. The
simulation model is commanded to drive for 4 m along the
longitudinal and lateral directions and the resulting drift is
measured. The results, given in Table I, indicate that CH and
CD perform worst in terms of keeping the straight motion.
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When comparing this auto-generated meshes (CH and CD)
with the colliders shown in Fig. 3, there seems to be a
correlation between the smoothness of the approximations
and the drift performance. Moreover, spherical models seem
to exhibit the least drift along the lateral direction, while both
spherical and cylindrical approximations have comparable
drift performance along the longitudinal direction.

TABLE I: Drift performance of simulated O3dyn for different
collider models of the rollers in mm.
Longitudinal Motion

Model | C4 C7 S4 | S6 | S8 | S10 (6] CD | CH
[Aly [ 30 142 2921 | 1.7 1.5 1.48 | 33 55

Lateral Motion
Model | C4 C7 S4 S6 S8 | S10 [0) CD | CH
[Alx | 4.0 8.0 23 |26 | 47 | 60 5.0 40 116

To investigate the cause of the drift, the motion of the
center of the wheel along the Z-axis is analyzed while
performing a longitudinal motion at a speed of v =0.1m/s.
Within Fig. 4 the data for the colliders with the smallest and
largest drift are compared. The comparison illustrates the
periodic motion resulting from the contact between roller
and ground during wheel rotation. One aspect to consider
is the smoothness of the motion, which can be analyzed by
observing the amplitude and the bumps in one cycle. The
optimized model (O) exhibits a smoother motion then the
CH approach. This can be correlated to the drift performance,
shown in Table I.

0.158

— CtH — 0
0.156

N RV VARV YR

V v
4 6 8 1
Time (s)

2

Fig. 4: The motion of the center of the wheel of O3dyn for
the O and CH collider models of the rollers.

Using a high-poly mesh as a collider model improves
driving smoothness but also increases computational cost. To
compare the computational effort of different models, O3dyn
is simulated for 100s in real-time, while the corresponding
simulation time is measured. Similar to [32], a real-time fac-
tor is calculated as the ratio of the simulated time to the time
elapsed in reality. It is important to note that the calculated
values depend on the resources of the test machine and other
factors, making them non-reproducible. However, the values
shown in Table II are intended to compare the different
models. The trend between the models is reproducible and
higher values indicate faster running simulations and lower
computational costs. The values contain a clear pattern that
the computational time depends on the number of contact
points. Increasing the number of geometric objects used for
modeling leads to a decrease in real-time performance, as
indicated by smaller values. Additionally, using spheres as
colliders is less computationally intensive than cylinders for
the same number of geometric objects. Spherical objects

require fewer iterations in the collision detection broad phase
during the physics run in the simulation [33].
TABLE II: Real-time factor for different collider models.

C4 C7 S4 S6 S8 S10 (o) CD CH
0.70 | 0.60 | 0.83 | 0.76 | 0.69 | 0.65 | 0.62 | 0.76 | 0.82

Overall, the experiments highlight the significant impact
of collider modeling on the motion of the robot. It is crucial
to design the colliders smoothly to minimize jumps in the
Z-direction caused by collider spikes interacting with the
ground. Manual modeling of the rollers is recommended, and
spheres prove to be a suitable choice. Based on the results
shown in Table I and Table II, the S6 model has demonstrated
an effective balance between the drift performance and the
computational effort. As a result, it has been selected to
model the roller in the experiments in the following sections.

III. PHYSICS PARAMETERS

By incorporating suitable wheel colliders, a simulation
model can accurately replicate the omnidirectional dynamics,
but physical effects, such as sliding, have a significant
impact. To replicate such behaviors, key physics parameters
within the simulation are investigated.

A. Dynamic Friction

Dynamic friction has a significant role in governing the
motion of omnidirectional robots. It mainly arises because
of the contact between the rollers and the underlying sur-
face, causing resistance that can impact speed, control, and
overall performance [34]. To showcase the impact of the
parameter, the speed trajectory of the simulated O3dyn is
investigated for different friction coefficients when applying
a step velocity command of 5m/s. The resulting trajectories
in Fig. 5 show that with a smaller friction coefficient, more
time is needed so that O3dyn can reach the target velocity.
Although the measured wheel speed is constant for all tests,
the embedded PD controller of the joints [33] must spend
more time for acceleration. Such behavior can be explained
by the fact that for the runs with smaller dynamic friction, the
wheels tend to have a larger slip ratio. Therefore, they require
more time to be able to pick up the speed as less traction
force is generated from the contact between the rollers and
the ground surface. This effect is further highlighted by the
zero dynamic friction coefficient case in which the model is
not capable of accumulating any speed.

i 7
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Fig. 5: Response of O3dyn for a step speed command with
different dynamic friction coefficients pi.
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B. Center of Mass

The center of mass (CoM), often referred to as the balance
point of the robot, defines the distribution of the weight of the
robot. Variations in the CoM position have a profound effect
on the omnidirectional robot performance. Here, the effect of
shifting the CoM on the longitudinal and the lateral motion
is investigated. The simulation model is commanded to drive
along a straight line in both the longitudinal and lateral
direction with a speed of v, = 2m/s and an acceleration
of a, = 2m/ s2. For the longitudinal motion, the CoM is
shifted along the Y-axis of O®dyn with a magnitude of 0.2m
and 0.5m in each direction. The resulting trajectory for the
longitudinal motion in Fig. 6 shows that the more the CoM
is shifted in one direction along the Y-axis, the more drift it
causes in the opposite direction.

and deceleration. They are specified by the acceleration (a,,
a,), the maximum velocity (v, v,) and the length (Xg;s¢,
Yaist)- The target velocities are communicated via the topic
/emd_vel with f = 100 Hz and stored as a bag, a ROS file
format used to record and replay topics. In this way, the
real and the simulated O3dyn can be driven reproducibly.
A Message Timing node is used to time the messages of
the bag files to guarantee the sync with simulation time.
The simulation model delivers its ground truth data via
TF messages, while the real robot is tracked with a Vicon
MoCap system. The position data are stored in bag files
and can be used to determine the sim-to-real gap via visual
inspection or by calculating the error between the pose data.

Real-World
Trajectory
Vi 8y it cl;:jal H MoCap H rosbag
Vy Ay Ydist yn
Sim-to-real
e
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Fig. 6: Drift along the Y-axis caused by shifting the CoM of
the simulated O®dyn while undergoing a longitudinal motion.

A similar experiment is performed for the lateral mo-
tion. The CoM is shifted along the X-axis of O3dyn with
a magnitude of 0.1m and 0.2m in both directions. The
resulting motion, shown in Fig. 7, underlines the same trend
observed in Fig. 6. However, one clear difference between
the two motions is the sensitivity to the change in the CoM
position. While in the case of performing a longitudinal
motion, shifting the CoM 0.5 m along the Y-axis only results
in 0.8m drift, shifting the CoM 0.1 m along X-axis during
lateral motion results in a drift of nearly 5.0 m.
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Fig. 7: Drift along the X-axis caused by shifting the CoM
of the simulated O3dyn while undergoing a lateral motion.

IV. REDUCING THE SIM-TO-REAL GAP

The insights on the physics parameters can be utilized
to modify the model behavior of O3dyn to reduce the sim-
to-real gap. To gain insights on the real robot, its position
is tracked with a Motion Capture (MoCap) system while
driving various trajectories, similar to [35]. A pipeline, shown
in Fig. 8, is used to execute the maneuvers in reality and
simulation. It is built based on ROS2 and generates trajecto-
ries consisting of three phases: acceleration, constant speed,

Time (5)

v, (m/s) v, (m/s)

Msg H imulEiEe HTF data H rosbag

Timing 03dyn
Time (s)
Params
Simulation

Fig. 8: The architecture of the pipeline used to command
customized trajectories to compare simulation and reality.

To gain a comprehensive understanding of O3dyn’s system
behavior, different longitudinal and lateral trajectories are
driven covering a wide range of straight-line dynamics. To
ensure safety, the maximum velocity of O3dyn and the length
of the traveled distance are limited to align with the size of
the research hall. Although, with a speed of vx = 4m/s
and Oden’s maximum acceleration of a, = 3.85 Hl/S2,
the investigated dynamics are high in comparison to other
works [16], [17]. The lateral motion is limited to vy = 3m/s,
ay = 3m/s? as the robot exhibits reduced system control
in this case. All experiments are performed with an open-
loop controller, and each trajectory is repeated ten times
to account for the variance of the runs. Since a consistent
system behavior can be observed within the experiments,
the following only includes the data for the least and most
dynamic cases for longitudinal and lateral motion.

A. Longitudinal Motion

In all experiments with longitudinal motion, the real
0O3dyn deviates to the right. Since the effect increases with
higher dynamics, the most dynamic trajectory is investigated.
The pose data in Fig. 9 show a deviation of around -1.5 meter
for Y at the end. Based on the Yaw data, it can be inferred
that O3dyn rotates in the negative Yaw direction during
the acceleration phase. This modified orientation causes a
drift in the negative Y-direction while driving at a constant
speed. During deceleration, O3dyn rotates in the opposite
direction, but its impact on the Y-deviation is small since
the driving is not continued. The trajectory is repeated in
simulation with a reference parameter set (RP) (no CoM
shift, pux = 0.7). The corresponding graphs in Fig. 9 outline
no differences between the simulated and real pose data in
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Fig. 9: Sim-to-real comparison for longitudinal motion for 15 E;a' std i[ﬁf std
. . I mean -— mean
high dynamics (v, = 4m/s, a, = 3.85m/s?, X4ist = 20 m). S

X but considerable differences in Y and Yaw. The model
drives a straight line and does not replicate the real-world
sliding, so no drift happens. To reduce the sim-to-real gap,
the insights from Section III are utilized to modify the model
behavior. According to the CoM experiment (Fig. 6), a shift
of the CoM in positive Y-direction is needed to replicate the
negative Y-drift of the real robot. Since this only causes a
lateral drift and fails to replicate the rotation, a shift of the
CoM in X-direction is also needed. Considering the u-shaped
construction form of O3dyn, a shift to the front is reasonable.
Afterward, the simulated O3dyn shows a rotation behavior,
and the experiment is repeated multiple times while tuning
the parameters. The friction coefficient is used to modify the
magnitude of the rotation and the variety between different
runs. To simplify the process of finding suitable simulation
parameters, the CoM is not modified in Z-direction. A Z-shift
could also cause a change in the X-Y-data due to the damping
behavior of O3dyn, but the influence is less significant and
is therefore neglected here to simplify tuning. The finally
tuned parameter set (X_HDP), as well as the sets for all the
following experiments, are listed in Table III.

TABLE III: The used physics parameter sets tuned to repli-
cate different dynamics in simulation.

RP | X LDP | X HDP | Y.LDP | Y HDP
Cy (m) | 0.0 0.0 0.2 0.022 0.08
Cy (m) 0.0 0.69 0.45 -0.1 0.2
Lk 0.70 0.75 0.75 0.4 0.45

The resulting graph for the tuned parameters (X_HDP) in
Fig. 9 demonstrates that the simulation model can replicate
the behavior of the real robot at high dynamics. The dif-
ference between the graphs in the acceleration phase can
be explained by unintended acceleration dips caused by the
controller of the real systems, which were observed during
the measurements. The simulation model properly simulates
the complex rotation behavior resulting from the sliding

effects of the real system. In contrast, significant differences
are evident when comparing the graphs of the simulation
model with the same parameter set X_HDP and the real robot
at lower velocities, as shown in Fig. 10. The corresponding
graph shows a slow rotation to the left (+Yaw) for the sim-
ulated O3dyn, leading to a drift in the positive Y-direction.
Still, the real O3dyn drifts in the negative Y-direction due
to a small rotation to the right (-Yaw). Since the lower
dynamics require a stronger rotation during acceleration to
counteract the ongoing rotation to the left, another parameter
set, X_LDP, was explicitly tuned for low dynamics. This
proves to be more challenging. The final values for X_LDP in
Table III are notable for their significant shift of the CoM,
which ensures that the initial rotation dominates the final
deviation. Using this new parameter set, the simulation better
replicates the real-world X- and Y-pose in Fig. 10.

RP std X_LDP std

0 5 10 15 20
Time (s)
Fig. 10: Sim-to-real comparison for longitudinal motion for
low dynamics (v, = 1m/s, a, = 1m/s?, xgis¢ = 20 m).

B. Lateral Motion

Within the experiments on lateral motion, a rotation over
the whole drive can be clearly observed for the real robot,
with fewer discrete sliding events for acceleration or decel-
eration in comparison to the longitudinal motion. For high
dynamics, the driven path even appears to be more of a curve
than a straight line. This can be seen in the graphs in Fig. 11
and Fig. 12, which show the pose data using the Y-position
on the X-axis instead of the time to focus on the shape of
the trajectories. To replicate the real-world behavior, again
parameter sets are tuned for small dynamics (Y_LDP) and
high dynamics (Y_HDP) given in Tab. III. During the tuning,
some strange jumps and inconsistencies within the lateral
motion are observed in simulation. This indicates that the
simulation needs more computational time to calculate the
contact forces between the rollers and the ground. Therefore,
the parameter Time Steps per Second needs to be considered.
It defines how many steps the simulation uses to simulate
one second — the more collisions have to be calculated,
the more time steps are necessary. To be able to simulate
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the lateral motion properly, the parameter value is doubled
from 360 to 720. Referring to the tuned parameter sets in
Tab. III, the key value for tuning is the shift of the CoM in
the X-direction, which is extremely sensitive. Since opposite
wheels rotate in the opposite direction for lateral movement,
higher contact forces on the front or rear wheels cause a
rotation component because of stronger contact forces. Due
to the U-shape of O3dyn, the CoM is located at the front
part. This causes the curved trajectories for the real robot
and with this knowledge, the behavior can be replicated
in simulation as shown in Fig. 11 and Fig. 12. Another
observation is the traveled distance, the real-world Oden
does not reach the commanded 10 m or 20 m. This indicates
that the rotation of the wheels is not perfectly translated in
Y-movement because of slip. As O%dyn is controlled using
an open-loop controller, this effect remains uncompensated,
resulting in the commanded velocity not being reached. To
replicate this behavior in simulation, the dynamic friction
value is reduced significantly. In the end, the behavior of the
simulation model is much closer to reality, but there is still a
gap between the length of the real and simulated trajectories
in Fig. 12. Improving the model further based on the used
physics parameters is very difficult, since small changes have
a huge impact on the lateral motion. This is underlined by
the graph of Y_HDP in Fig. 11. Its huge standard deviation
shows that poorly chosen physics parameters can result in
an extremely varying simulation behavior. Further the trend
of the simulation is totally different to the real O3dyn.

—— Y_LDP mean
Y_LDP std

—— Y_HDP mean
Y_HDP std

—— Real mean
Real std
RP mean

RP std

0.0 2.5 5.0 75 10.0 12.5 15.0 17.5 20.0

Yaw (degree)

Y (m)

Fig. 11: Sim-to-real comparison for lateral motion with low
dynamics (v, = 1m/s, a, = 1m/s?, yaist = 20m).

As depicted in Fig. 12, the real-world trajectory for
highly dynamic lateral motion exhibits a curved shape and
is considerably shorter in the Y-direction. The tuned physics
parameters in Y_HDP enable the model to replicate this
trend, resulting in a matching end position in simulation
and reality. This emphasizes that the reproduction of the
real-world behavior for different dynamics using physics
parameters is achievable, but it fails to find a single set
of parameters that accurately mimics a diverse range of
dynamics. Further, selecting suitable physics parameters for
lateral motion is difficult, since the model is sensitive to small
changes and requires small friction coefficients.

— Y_LDP mean
Y_LDP std

—— Y_HDP mean
Y_HDP std

— Real mean
-5 Real std
RP mean
RP std

0 2 4 6 8 10

Yaw (degree)

Y (m)

Fig. 12: Sim-to-real comparison for lateral motion with high
dynamics (v, = 3m/s, a, = 3m/s?, ygist = 10m).

V. CONCLUSION

This paper presents a guideline for modeling omnidirec-
tional mobile robots using the logistics robot O3dyn and
identifying key simulation parameters to tune when matching
simulation to reality. First, the impact of collider model-
ing for the Mecanum rollers on the driving behavior and
computational needs was analyzed. Manual collider models
outperformed auto-generated meshes, and the use of spheres
provided a good performance-to-cost balance. Second, the
effect of key physics parameters was demonstrated. Although
the list of parameters presented is not exhaustive, significant
changes in the model’s behavior were achieved. Third, a
pipeline for comparing real and simulated robots was intro-
duced and used to analyze the real robot. This knowledge was
then utilized to manually tune the simulation model, reducing
the sim-to-real gap. The results showed the ability to model
complex system behaviors, including slipping, for both low
and high dynamics. This opens opportunities for developing
algorithms within simulation, such as a closed-loop con-
troller to compensate the discrepancy between commanded
and driven lateral velocities. A separate set of parameters was
required for each trajectory, indicating discrepancies between
the real and simulated O3dyn. While these discrepancies can
be overcompensated through manual tuning, they still result
in a significant sim-to-real gap when considering all dynam-
ics. Improving the mass distribution and damping system
in the simulation model could help identify a more generic
parameter set. Further investigation is needed to determine
the applicability of the presented methods on simpler robots.
Dynamic adaptation of physics parameters may provide an
alternative solution. Moreover, the experiments on various
dynamics revealed the challenges associated with manual
tuning of the parameters. Future work could extend the
pipeline by integrating system identification approaches to
automatically learn the system behavior from real-world data.
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