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Abstract— The present work investigates the influence of
different simulation modelling choices on the performance and
stability of RL-based ballbot balancing. In this study, three
modelling paradigms are compared: a commonly used linear
planar model, an omniwheel model with explicit spherical
rollers, and a capsule-based model with anisotropic friction.
For each configuration, a PPO-based controller is trained and
evaluated on the same balancing task. The findings indicate that
simulation fidelity exerts a substantial influence on learning
behavior and control stability. In contrast to the planar and
roller-based models, which demonstrate oscillatory or unstable
behavior and lack reliable balancing, the anisotropic-friction
model facilitates asymptotically stable balancing, ensuring
smooth control actions and precise velocity tracking. These
findings demonstrate that accurate modelling of the interaction
between the wheel and the ground is critical for successful
control of the ballbot using RL, and that anisotropic friction
provides an effective and computationally tractable solution for
stable learning in simulation.

I. INTRODUCTION

Ballbots are robots that balance on a ball using wheels:
over the past years, different ballbot models have been
implemented, with configurations ranging from the number
and placement of omniwheels used to balance on the ball
[6], to different sizes [13] and application scopes [7].

Balancing on a single sphere allows ballbots to occupy
little space and to perform swift, agile motions, while also
being easy to move by users. Due to this configuration,
however, ballbots operate around an unstable equilibrium.
This means that they must continuously move in order to
maintain balance, i.e., to avoid tipping over or falling. For
this reason, reliable and stable balance control is essential.

Most of the literature in this area focuses on classical con-
trol approaches, such as PID [1], LQR [14], or combinations
of the two [13]. On the other hand, while Reinforcement
Learning (RL) approaches have been extensively used in
various robotic systems, only a limited number of RL-based
approaches for ballbot balancing have been proposed, and
they all rely on the planar model described in Section II-A.1.
In [19], a deep neural network is trained to recover stability
after perturbations, while a PID controller is used to maintain
balance. In contrast, [11] proposes a general framework for
RL-based ballbot balancing; however, no agent is actually
trained, and no balancing results are reported. More recently,
Salehi et al. [15] introduced an RL framework for ballbot
navigation on uneven terrain using omniwheels modeled as
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capsules with anisotropic friction. Nevertheless, to the best of
our knowledge, the impact of different simulation modeling
choices on RL-based ballbot balancing has not yet been
systematically investigated, and no comparative evaluation
under controlled conditions has been reported.

To address this gap, this work presents a systematic
comparison of different ballbot simulation models for RL-
based balancing. The main contributions of the paper are:
• a comparative study of different ballbot modeling choices

for RL-based balancing;
• an empirical analysis of how commonly used modeling

abstractions affect learning stability and performance;
• the identification of a simple and simulation-stable mod-

eling setup that enables smooth, drift-free control.
The rest of the paper is structured as follows: Section II

describes the different models that are compared, and how
the RL framework is applied to each model; Section III
reports the results; and Section IV concludes the paper.

II. METHODOLOGY

A. Modeling paradigms for ballbot control
To address the problem of balancing ballbots, we conduct

a comparative analysis of three different modeling paradigms
and evaluate their applicability within an RL framework.
For simplicity, the ballbot’s body is modelled as a cylinder,
neglecting the arms and other specific components such
as the battery and the detailed mechanical structure of the
wheel–body interface.

Modeling and simulating the interaction between the ball-
bot body and the sphere is particularly challenging due to
the complexity of accurately representing the omniwheels.
To address this challenge, three models with different levels
of abstraction are investigated to determine which most
effectively captures the real behavior of the ballbot.

The following subsections provide a comprehensive
overview of the three models.

1) Modeling the ballbot with a linear model: The full
3D robot is first approximated as three independent planar
subsystems, consistent with the literature [4], [14], [9],
[10], [19], [11]. Two planes, denoted xz (sagittal) and yz
(coronal), are used to describe balancing while moving for-
ward/backward and left/right, respectively, and are assumed
to be identical. The third plane, denoted xy, captures yaw
motion (rotation about the vertical axis) and is generally
treated separately or given less emphasis for balance control.

Each planar subsystem is described using two degrees
of freedom (DoF): one DoF for the ball motion along the
ground (equivalently, the ball’s rolling angle in that plane),
and one DoF for the body rotation (tilt) in that plane.



The real actuation consists of three omniwheels; however,
the planar model replaces them with a single “virtual”
actuating wheel per plane, producing an equivalent driving
torque on the ball. This is a modeling convenience and
does not represent the physical wheel geometry directly.
Consequently, when implementing control on hardware, the
virtual-plane torques must be mapped back to the three real
motor torques via a suitable conversion.

The following assumptions are made in order to capture
the dominant balancing dynamics:
• The decoupled planes are assumed to be independent, i.e.,

no coupling between planes is considered.
• No slippage occurs between the ball and the ballbot body.
• The distance between the ball and the body is fixed.
• No friction is present at the ball–body contact.
• The contact between the ball and the body is non-

deformable, and all components are treated as rigid bodies.
• Motor torque is treated as a direct input.
• The floor is assumed to be flat.

Under these assumptions, the ballbot in a plane can be
modelled as a rigid body (often idealized as a cylinder)
mounted on a rolling sphere, resembling an inverted pen-
dulum on a rolling base.

The limitations of this model stem from the idealized
nature of these assumptions. In particular, the model does not
account for wheel–ball slippage, motor friction, or possible
loss of contact between the wheels and the sphere.

2) Modeling the omniwheels with spheres: In this model,
the omniwheels are based on the single-contact-line design
originally proposed by Asama et al. [2]. This configuration,
characterized by a single row of passive rollers, has been
widely adopted due to its mechanical simplicity and its abil-
ity to accommodate surface irregularities. Alternative omni-
directional wheel designs incorporate rollers with cylindrical
geometry mounted at a constant inclination with respect to
the wheel axis, most commonly at an angle of 45°, as in
conventional Mecanum-type wheels [3].

Owing to the passive rotation of the rollers, omniwheels
are able to transmit traction forces along the wheel’s rolling
direction while allowing unconstrained motion in the per-
pendicular direction [5]. Consequently, the wheel–ground
interaction can be decomposed into a tangential driving
force generated by wheel rotation and a lateral component
associated with the free rolling of the rollers, analogous to
the sliding behavior observed in spherical contacts.

Several approaches have been proposed to model this
behavior in simulation. A high-fidelity method consists of
explicitly modeling each roller and its contact with the
ground, potentially using rollers of varying effective radii
to ensure smooth transitions between successive contacts
[18]. While such approaches improve numerical continu-
ity, they significantly increase computational cost and can
severely degrade real-time simulation performance. Similar
drawbacks have been reported in dynamic simulations of
omnidirectional and Mecanum wheels, where discretization
of rollers leads to contact-induced vibrations and reduced
simulation efficiency.

Here, following the simplified strategy adopted in [3], the
omniwheel is modelled as a cylindrical hub equipped with
ten evenly spaced, fixed rollers distributed along its circum-
ference, as illustrated in Fig. 1. Although this representation
captures the essential kinematic properties of the omniwheel,
it introduces non-ideal contact transitions between adjacent
rollers, which manifest as small oscillations during motion.
The simulation itself is unstable: because of the gaps between
adjacent spheres, the ballbot intermittently loses continuous
contact with the ground, causing it to bounce on the globe.
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Fig. 1. The omniwheel model uses a cylindrical hub surrounded by ten
small, free-rotating rollers that allow passive lateral motion.

To mitigate this effect, ball arresters are introduced. These
are fixed spheres placed on the opposite side of each om-
niwheel. However, this modification alone is insufficient to
ensure stability. When the arresters are positioned too close
to the globe, they constrain the omniwheels and prevent
proper rotation. Conversely, when they are placed too far
from the globe (i.e., too close to the ball), the ballbot
continues to exhibit the bouncing behavior.

3) Modeling the omniwheels as capsules with anisotropic
friction: This model is inspired by the fundamental kine-
matic behavior of omniwheels equipped with a single row
of passive rollers. When the omniwheel rotates around its
main axis, it generates a tangential velocity (denoted v∥) at
the contact point with the globe. This velocity lies in the
plane of the wheel and is perpendicular to the wheel’s axis
of rotation. It is the only velocity component that the wheel
actively imposes on the contacting surface.

Due to the presence of the passive rollers, the omniwheel
exhibits a fundamentally different behavior in the transverse
direction. The rollers are free to rotate about their own axes,
which are orthogonal to the main wheel axis. As a result,
the contact point can move in the direction perpendicular
to v∥ with negligible resistance. If the globe has a velocity
component in this transverse direction, it is not opposed
by significant friction at the contact, because this motion
is accommodated by the rotation of the rollers.

Therefore, the velocity of the contact point between the
omniwheel and the globe can be decomposed into two
orthogonal components: one parallel to the wheel’s driven
direction and one perpendicular to it. While such a decom-
position is always possible, the defining characteristic of an
omniwheel is that only the parallel component is constrained
by friction and actuation, whereas the perpendicular compo-
nent is effectively unconstrained.

This property is essential for ballbot operation. A typical
ballbot employs three omniwheels arranged at 120deg inter-



vals around the globe. Each wheel drives the globe along its
own local parallel direction, which differs from that of the
other wheels. If transverse motion were not permitted at each
contact, the wheels would mechanically interfere with one
another, generating conflicting constraints that would prevent
smooth rolling. The passive rollers eliminate these conflicts
by allowing relative motion in the transverse directions,
enabling the combined wheel actions to produce arbitrary
planar motion of the globe.

One solution to replicate this mechanism in simulation
was proposed in [12]. The authors simplify the simulation
of Mecanum wheels by replacing each roller’s rotating joint
with a fixed connection, which greatly reduces the number of
constraints and speeds up computation. To preserve the phys-
ical behavior of the rollers, they assign direction-dependent
(anisotropic) friction to the roller links. High friction is
applied along the roller’s free-rolling axis to transmit driving
force, while low friction is used across it, allowing sideways
slip similar to that of real rollers.

Another simple yet effective solution was proposed in [15].
In their work, the authors simulate the omniwheels as cap-
sules with anisotropic friction. The friction in the direction of
wheel motion is set high to ensure force transmission, while
in the perpendicular direction, it is low to simulate the effect
of the passive rollers. This solution was made possible by a
custom feature implemented in the MuJoCo simulator [17].
To the best of our knowledge, MuJoCo is the only simulator
to allow anisotropic friction to be specified on the same body.

B. Reinforcement Learning based balancing

We now describe how the RL framework for balancing was
implemented for the different models under study. We first
outline the elements that are common across all experiments
and then discuss the model-specific design choices.

1) Common experimental setup: To address the balancing
problem using RL, we employ a deep neural network and
adopt a symmetric actor–critic architecture trained with the
Proximal Policy Optimization (PPO) algorithm [16]. In all
experiments, the network consists of three fully connected
layers with sizes 512, 256, and 128, as this architecture pro-
vided stable convergence while keeping the model compact.
The actor and critic networks share the same architecture
and use the same observation vector, consistent with the
symmetric actor–critic formulation.

The control is velocity-based. The physics simulation runs
at 200Hz, while the policy outputs actions at 50Hz. The
different models use different action spaces because they
have different actuators; the specific action definitions for
each model are detailed in the following subsections.

The observation vector is identical across all experiments.
It includes the projected gravity expressed in the trunk frame,
the velocity of the actuated DoF, the linear velocities of the
trunk, the angular velocity of the trunk, the desired velocities,
and the previous action. Since the task is to balance at a
fixed point, the velocity commands are set to zero. The
projected gravity in the trunk frame represents the direction
of gravity in the local coordinate system of the trunk and

therefore encodes its orientation with respect to gravity.
The horizontal components (g0,g1) correspond to the trunk
tilt in the sagittal and lateral directions, while the vertical
component gz measures the alignment of the trunk’s vertical
axis with gravity.

The reward function is composed of five different terms.
One term provides positive feedback when the ballbot’s base
is close to horizontal:

ro =−ωo

1

∑
j=0

g2
j + c, (1)

where ωo > 0 is a weighting factor, c is a constant chosen
to keep the reward positive, and g0 and g1 are the x and y
components of the projected gravity of the ballbot’s base,
respectively. A second term penalizes large control actions:

ra(t) = ωa

2

∑
j=0

a2
j(t), (2)

where ωa < 0 is a weighting factor and a(t) =
[a0(t),a1(t),a2(t)] denotes the action vector at time t. A third
term penalizes large variations in the actions:

rl(t) = ωl

2

∑
j=0

(
a j(t −1)−a j(t)

)2
, (3)

where ωl < 0 is a weighting factor. Another term tracks the
desired linear velocity along the x and y axes:

rvl(t) = e

∑

(
cl (t)−vl (t)

)2

σl


, (4)

where cl(t) is the desired trunk velocity in the x–y plane, vl(t)
is the measured trunk velocity, and σl is a scaling constant.
Finally, the angular velocity around the z axis is tracked by

rva(t) = e

∑

(
ca(t)−va(t)

)2

σa


, (5)

where ca(t) and va(t) are the desired and measured angular
velocity around the z axis, respectively, and σa is a constant.

Each episode terminates when the robot reaches a lean
angle of 20◦, which is set as a threshold beyond which
the ballbot can no longer regain stability. In addition, an
episode is terminated if the network outputs an action at
the maximum allowed magnitude. This choice was made to
avoid bang-bang control behavior that would compromise
the stability of the robot. If none of these conditions are
met, the maximum episode length is set to 40s, based on
the assumption that if the robot is able to balance for more
than 40s, it has reached asymptotic stability.

2) Reinforcement Learning for the ballbot linear model:
The RL framework implemented using the linear model
was trained in the Isaac Gym environment [8]. Isaac Gym
provides a GPU-based platform in which both the simulation
and the training of the algorithm are executed, enabling fast
and highly parallelized learning. Leveraging this architecture,
the agent was trained using 2048 parallel vectorized environ-
ments for 1000 episodes. The velocity-based controller runs



at 50Hz and outputs the desired velocities for each of the
actuated linear planes of the ballbot, in which the dynamics
are decomposed, namely the roll, pitch, and yaw of the ball.

3) Reinforcement Learning for the omniwheels modelled
with spheres: This model is computationally heavier than
the planar one. Therefore, it was not possible to simulate the
same number of parallel vectorized instances. Consequently,
the agent was trained in Isaac Gym using 1024 parallel
instances for 2000 episodes. The network outputs the desired
velocities of the three omniwheels, which are simulated as
cylinders with rollers on their surfaces.

4) Reinforcement Learning for the omniwheels modelled
with capsules with anisotropic friction: This framework
could not be implemented in Isaac Gym because anisotropic
friction on the same body is not supported. The RL environ-
ment was therefore built on top of MuJoCo, and both the
simulation and the training pipeline were executed on the
CPU. As a result, large-scale parallelization was not possible,
and the network was trained using 10 parallel environments
for 4,000,000 episodes. The network outputs the desired
velocities of the wheels, which are simulated as capsules
with anisotropic friction.

III. RESULTS

We first present the results of the linear model, followed
by those obtained with the omniwheels modelled as spheres,
and finally those obtained with the model where omniwheels
are represented as capsules with anisotropic friction.

A. Results with the linear model
Figs. 2 and 3 show the orientation and the velocity of the

trunk during a test episode. While the system can maintain
balance for about a minute, it does not reach a stable
equilibrium. We can notice a visible oscillation in the trunk
orientation and an even more marked one in the yaw velocity.

Fig. 2. Trend of the ballbot trunk’s deviation from upright, measured from
the projection of the gravity vector onto the trunk z-axis. The dashed line
denotes the 10◦ allowable tilt.

Fig. 3. Motion of the trunk during balancing. The top panel shows the
magnitude of the linear velocity in the horizontal (xy) plane, while the
bottom panel shows the angular velocity about the vertical (z) axis.

An inspection of the control output, presented in Fig. 4,
reveals that the actions are not smooth, but they present nu-
merous spikes, which contribute to this instability. However,

looking at Fig. 5, we can observe that the model reasonably
tracks the reference velocities until the onset of instability.
Once the ballbot begins to fall, recovery is impossible, and
trajectory tracking deteriorates rapidly.

The total training time was circa 20 minutes. The reward
curve shown in Fig. 6 indicates convergence to a steady
value, suggesting that learning has stabilized and further
training is unlikely to improve performance significantly.

Fig. 4. Control outputs of the neural network: desired angular velocities
of the globe about the roll (top), pitch (middle), and yaw (bottom) axes.

Fig. 5. Tracking error between desired and measured globe angular
velocities. The first three panels show roll, pitch, and yaw errors, and the
bottom panel shows the Euclidean norm of the error vector.

Fig. 6. Episode reward over training iterations with the planar mode. The
smoothed curve highlights the underlying performance trend.

B. Results with the omniwheels modelled with spheres

In the model in which the omniwheels are represented
as cylinders with spherical rollers, the agent is unable to
maintain balance for more than half a second. Fig. 7 presents
the trend of the trunk tilt over time. It can be observed that
the robot reaches the limit angle of 20◦ after only 0.8s; once
this limit is reached, the system is unable to recover stability.
Fig. 8 shows the norm of the trunk’s linear velocity over
time and the angular velocity of the trunk about the z-axis.
In comparison with Fig. 3, it can be noted that both the
linear and angular velocity magnitudes are larger than those
observed in the linear model.

If we consider the tracking error between the desired
output velocities of the motors and the actual velocities, as
presented in Fig. 9, we can observe that, in this model, it is
more difficult to accurately track the velocities with respect
to the planar model. However, the real reason for the strong



Fig. 7. Trunk tilt over time, measured via the projection of the gravity
vector onto the trunk z-axis. The dashed line marks the 10◦ allowable tilt.

Fig. 8. Trunk motion during balancing. The upper panel depicts the
magnitude of the linear velocity in the horizontal (xy) plane, and the lower
panel depicts the angular velocity about the vertical (z) axis.

instability can be found by analyzing the control output of the
network, presented in Fig. 10. It can be seen that the network
outputs the maximum allowed velocity on one motor, thereby
terminating the experiment immediately.

Fig. 9. Tracking error between desired and measured angular velocities of
the wheels. The first three panels show the error for each motor, and the
bottom panel shows the Euclidean norm of the error vector.

Fig. 10. Control outputs of the neural network: desired angular velocities
of the three omniwheels.

By examining the trend of the reward function depicted
in Fig. 11, it can be observed that this strategy of outputting
the maximum velocity on one control command yields higher
rewards than those obtained by actually balancing the robot.

Fig. 11. Learning progress of the roller-based omniwheel ballbot model,
measured by episode reward over training iterations. The smoothed curve
illustrates the trend of learning performance.

It should be noted that the overall training process was
heavier in this case, with a training time of circa 3 hours.

C. Results with the omniwheels modelled with capsules with
anisotropic friction

Lastly, we analyze the model in which the omniwheels are
represented as capsules with anisotropic friction.

As we can see from Fig. 12, the balance is asymptotically
stable: the initial oscillation of the tilt angle of the trunk
reduces over time, and the tilt angle never reaches the
threshold of 20◦. Additionally, as depicted in Fig. 13, the
trunk linear and angular velocities also follow the same
pattern. Moreover, differently from the previous models,
the curves are smoother, indicating a smaller change in
velocities, which indeed improves the overall stability.

Fig. 12. Trunk tilt angle over time, obtained from the projection of the
gravity vector onto the trunk z-axis.

Fig. 13. Balancing dynamics of the trunk: linear velocity magnitude in the
horizontal (xy) plane (top) and angular velocity about the vertical (z) axis
(bottom).

An analysis of the network outputs depicted in Fig. 14
further shows that, in this framework, the control actions are
smoother. After an initial transient peak, the control actions
gradually converge to lower magnitudes. This behavior is
consistent with that of an asymptotically stable system:
once balance is achieved, only small corrective actions are
required to maintain the upright configuration. As depicted in
Fig. 15, the capsules track the reference velocities closely,
with the residual error arising primarily from the one-step
delay introduced by the discrete simulation timestep.

As shown in Fig. 16, the reward function reaches a plateau
toward the end of training, indicating convergence of the
learning process. In this case, the total training time was
94 minutes, which lies between those of the other two
configurations considered.

Fig. 14. Control signals generated by the neural network, showing the
desired angular velocities of the three omniwheels.



Fig. 15. Angular velocity tracking performance of the wheels. The upper
three plots depict the error for each motor, and the lower plot depicts the
Euclidean norm of the error vector.

Fig. 16. Learning progress of the roller-based omniwheel ballbot model,
measured by episode reward over training iterations. The smoothed curve
illustrates the trend of learning performance.

Table I reports the maximum balancing time tmax, the
peak tracking error emax, and the total training time for the
three models. The tracking error is defined as the maximum
Euclidean norm of the difference between the desired and
measured actuator velocities over the evaluation episode.

TABLE I
COMPARISON OF THE THREE MODELS.

Model tmax [s] emax [rad/s] Training time
Linear 57.3 7.0 20 min
Spheres 0.8 14.0 180 min
Capsules 80.0 0.4 94 min

IV. CONCLUSIONS

In this paper, we presented a comparative analysis of how
different ballbot modeling choices affect the training of a
deep RL agent. Contrary to initial expectations, the model
most commonly adopted in the ballbot literature, namely the
planar model, exhibits intrinsic difficulties when applied to
RL. This is likely related to the fact that the roll, pitch,
and yaw reference frames change with the rotation of the
ball, introducing additional nonlinearities and increasing the
complexity of the control problem faced by the agent. By
contrast, explicitly modeling the omniwheels as cylinders
with passive rollers did not provide sufficient mechanical
stability for reliable policy learning in our experiments.
The capsule-based model with anisotropic friction produced
the best results among the considered alternatives, enabling
the successful training of an agent capable of maintaining
balance in an asymptotically stable manner.

This study was intentionally conducted without sensor
noise, actuator noise, or domain randomization, to isolate the
effects of the modeling assumptions themselves and preserve
a controlled comparison between simulation models. A nat-
ural direction for future work is to bridge the sim-to-real gap
by deploying the best-performing model on real hardware,
using domain randomization to improve robustness.
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