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Fig. 1: Overview. Hardware modules (left) and the software stack (right), evaluated on PINGU, our ATMOS-compatible
air-bearing platform integration, across the representative use cases shown (bottom).

Abstract—Low-cost planar air-bearing testbeds have matured
into a standard proxy for free-flying spacecraft GNC, but
they remain largely thruster-only and are rarely equipped for
contact-rich, inertia-coupled manipulation. Building on the open-
source ATMOS testbed (from which we adopt much of the low-
level software and a similar cold-gas thruster configuration) we
contribute a reaction wheel and two force/torque-sensed robotic
arms (LEVION) with interchangeable end-effectors, integrated as
first-class control actuators through a unified ROS 2 abstraction
layer. On top of the software stack we build a reinforcement-
learning training environment and digital twin, and a controller
that exploits these added degrees of freedom, letting classical
optimal controllers and learned policies be swapped on the
same hardware without modification. We validate the integrated
system, PINGU, across four benchmark tasks: point-to-pose nav-
igation (classical LQR vs. sim-to-real PPO), dynamic disturbance
rejection under arm-induced center-of-mass shifts, reaction-wheel
momentum stabilization, and force-controlled docking. The re-
sults show that these additions extend an ATMOS-class emulator

into the contact-rich regime and bridge classical optimal control
and reinforcement learning on one reproducible platform.

I. INTRODUCTION

On-orbit servicing, active debris removal, modular satel-
lite assembly, and proximity operations all share a common
technical core: vehicles that can simultaneously translate, re-
orient, and physically interact with other bodies in micro-
gravity. As mission concepts move from rendezvous-and-dock
toward dexterous on-orbit manipulation, the dynamics of the
spacecraft itself become coupled to the motion of its on-board
manipulators: every arm swing redistributes mass, perturbs
the center of mass, and induces reaction torques that the
attitude-control system must reject. Validating algorithms for
this regime on flight hardware is prohibitively expensive, so the



community has long relied on terrestrial floating platforms that
approximate frictionless planar motion using air bearings on a
flat surface. In doing so they offer a low-cost, high-throughput
proxy for the planar projection of orbital dynamics, and they
have a long, well-surveyed history [1, 2].

a) The limits of single-purpose testbeds: Despite this
maturity, the existing landscape of planar emulators is highly
fragmented along functional lines. Thruster-only testbeds such
as the Luled and Luxembourg floating platform [3, 4], thruster-
propeller testbeds like ATMOS [5], and thruster-and-reaction-
wheel testbeds such as the ESA Orbital Robotics Lab plat-
form [6], M-STAR [7], and ASTROS [8], excel at studying
guidance, navigation, and control (GNC) for free-flying base
motion, but they do not carry on-board manipulators, so
the coupled dynamics that arise from arm-induced inertia
and CoM shifts cannot be reproduced. Conversely, the much
shorter list of testbeds that do integrate manipulators - for
example York University’s rendezvous-and-capture testbed [9],
the FIT Bob & Charlie vehicles [10], and Sabatini et al.’s
coordinated-manipulator platform [11] - typically equip a sin-
gle 3-DoF arm or passive grippers, lack co-integrated thrusters
and reaction-wheel control authority, and are demonstrated
under classical, hand-tuned controllers on narrow task suites.
Astrobee [12, 13], deployed on the ISS and used as a ground
emulator, demonstrates the value of a unified flight-and-ground
platform, but its single perching arm is not designed for the
high-thrust, high-torque, contact-rich experiments that current
robotic-servicing research demands. A recent analysis of intra-
vehicular free-flyers [14] echoes this conclusion at the system
level: in-space manipulation with free-flying robots has been
demonstrated only to a limited extent, and the dynamic chal-
lenges of a free-floating base coupled to an active manipulator
remain a central, under-tested problem. A researcher today
who wishes to ask, for example, “does a learned policy reject
CoM shifts induced by arm motion better than an LOR with
feed-forward inertia compensation?” has no single platform
on which to run both halves of the comparison cleanly.

b) Our approach: We build directly on the open-source
ATMOS testbed [5], adopting much of its low-level software
and a similar cold-gas thruster layout on a slightly restructured
chassis, and extend it in three parts. First, we add two
new control actuators — a high-torque reaction wheel for
fine attitude control and momentum management, and two
modular arms with 6-axis force/torque sensing and inter-
changeable end-effectors — exposed alongside the thrusters
through a common ROS 2 actuator-abstraction layer, so that
any controller (LQR, MPC, or a learned policy) can be
swapped without changing the hardware interface. Second, on
top of this stack we build a reinforcement-learning training
environment and controller, and digital twin based on the
RoboRAN [15] and Space Robotics Bench simulator [16], to
exploit the additional degrees of freedom the wheel and arms
provide. Third, we validate the integrated system in the lab
as PINGU, Fig. 1, demonstrating the added actuators and the
learned controller across four tasks: point-to-pose navigation,
dynamic disturbance rejection under arm-induced CoM shifts,
momentum stabilization, and force-controlled docking.

c) Bridging optimal control and reinforcement learning:
A second, complementary motivation underlies the platform’s
design. Spacecraft GNC has traditionally been the landscape
of model-based optimal control, which provides strong theo-
retical guarantees but assumes a well-characterized rigid-body
dynamics model, an assumption that is violated when on-
board manipulators move and redistribute the body’s mass.
Reinforcement learning (RL) offers a path to controllers that
adapt to such structured but hard-to-model disturbances, and
recent work has begun to demonstrate sim-to-real RL on free-
flying platforms [17, 18, 19] and on free-floating manipulators
in simulation [20]. However, evaluation of RL on real hard-
ware that simultaneously features thruster, reaction-wheel, and
manipulator authority (setting in which CoM coupling is most
pronounced) remains absent. Sim-to-real transfer for free-
flyers with reconfigurable inertia is therefore an open problem.
Our actuators are designed to be a common substrate for both
communities: every actuator is fully simulated in our training
environment, every characterization curve is openly released,
and the same task definitions and reward structures are exposed
to classical and learned controllers alike. This enables direct
comparisons of, for example, a tuned LQR baseline against a
PPO policy with domain randomization, on the same physical
robot performing the same task; a comparison that, to our
knowledge, no existing planar testbed supports end-to-end on
the full thruster+RW+arms suite.

d) Contributions:

o« PINGU: platform with a set of openly released
actuator modules (a reaction wheel and two F/T-sensed
robotic arms with interchangeable end-effectors) designed
to co-integrate with the open-source ATMOS air-bearing
testbed. We present the full mechanical and electronic
design and a detailed characterization of every mod-
ule (Section III), and position the resulting capabilities
against the state of the art in Table I.

e A unified ROS2 control and estimation framework
(Section III-C) with an actuator-abstraction layer that
exposes thrusters, reaction wheel, and arms through a
common interface, allowing model-based (PID, LQR,
MPC) and learned (PPO) controllers to be swapped
without changes to the low-level stack.

o Sim-to-real reinforcement-learning policies for dy-
namic disturbance rejection under arm-induced center-
of-mass and inertia shifts. We train PPO policies in Isaa-
cLab [21] with domain randomization over base mass,
center of mass, and a constant external wrench (a per-
episode bias force and torque), and demonstrate transfer
to hardware (Section IV).

« Experimental evaluation across four representative
tasks: point-to-pose navigation, dynamic disturbance re-
jection, momentum stabilization, and force-controlled
docking; comparing classical and learned controllers on
the same hardware (Section IV).

o Open-source release of the full hardware design (CAD,
BOM), firmware, ROS 2 packages, simulation environ-
ments, training scripts, and experimental logs, to make
PINGU reproducible and to lower the barrier of entry to
learning-based spacecraft GNC research.



The rest of the paper is organized as follows. Section II
positions PINGU against prior planar emulators, manipulator-
equipped testbeds, and learning-based control on real robotic
platforms. Section III describes the platform design and
characterization, together with the unified ROS 2 control and
estimation framework. Section IV reports the experimental
evaluation across the four tasks. Section V and Section VI
discuss lessons learned and future directions.

II. RELATED WORK

PINGU sits at the intersection of three threads in the liter-
ature: ground-based emulators of microgravity dynamics, on-
board manipulation for free-floating spacecraft, and learning-
based control for real robotic systems. We survey each thread
in turn, then position PINGU against the closest competitors
via the comparison in Table I.

A. Planar air-bearing emulators of microgravity

Air-bearing-supported floating platforms have served as
mainstream terrestrial microgravity emulation for nearly half
a century, and two surveys provide comprehensive historical
context [1, 2]. The basic composition is invariant: a rigid
body with porous-graphite or orifice-fed air bearings floats
over an extremely flat surface made of granite, glass on
optical bench, or epoxy resin, yielding three planar degrees
of freedom (two translations, one rotation) with very low
residual friction. Variations on this theme add hemispherical
or spherical bearings to introduce limited rotational freedom,
producing 5-DoF (e.g., ASTROS [8]) or 6-DoF (e.g., M-
STAR [7]) facilities at the cost of mechanical complexity.

A representative cross-section of the modern planar testbed
landscape illustrates the diversity of design choices. AT-
MOS [5], recently released as open-source by KTH, is built
on a Pixhawk 6X and Jetson Orin NX stack, uses 8 PWM-
driven cold-gas thrusters, and is intentionally compatible with
the NASA Astrobee flight software. Bredenbeck et al. [6]
describe a heavyweight (221 kg) modular stack at ESA’s
Orbital Robotics Lab, equipped with 8 solenoid thrusters and a
reaction wheel, and demonstrate optimal trajectory tracking for
the overactuated system; the related REACSA platform [23]
packages this thruster-plus-reaction-wheel actuation into a
self-contained, controllable floating stack for orbital-robotics
concept testing. The Lulea [3] and Luxembourg [4] floating
platforms are, by contrast, lightweight (4.27 kg one and
5.0 kg the other) thruster-only design controlled by nonlin-
ear MPC, PID and RL-based policies. At the institutional
end of the spectrum, NASA JPL’s Small Satellite Dynamics
Testbed [22] provides a rigorously characterized 8-thruster
planar air-bearing platform whose propulsion-characterization
methodology directly parallels our own (Section III). Other
notable systems include the DLR TEAMS testbed for multi-
spacecraft formation and contact-dynamics emulation [24], the
Yonsei hardware-in-the-loop facility [25], the NUAA SOOST
testbed for on-orbit-operation simulation with vision-based
navigation [26], the ESA ORBIT facility [27] (a 5 X 9 m
epoxy floor with 14-camera VICON tracking), and the NTUA
space-robot simulator [28]. These platforms have also become

a proving ground for increasingly sophisticated control: online
active fault estimation with collision avoidance on the Caltech
testbed [29], and model-predictive schemes that handle the
binary, dwell-time-constrained nature of solenoid thrusters
together with a reaction wheel on the DFKI/ESA free-floating
platform [30] (the same actuation challenge PINGU’s base
poses).

Across this body of work, two patterns can be observed.
First, the prevailing actuation modality is thrusters, sometimes
augmented by reaction wheels; on-board manipulators are the
exception. Second, every system listed above evaluates a single
controller class on a narrow task suite, making cross-platform
comparison of control strategies difficult. PINGU retains the
design characteristics established by these platforms, like the
open-source Pixhawk + Jetson stack of ATMOS, and broadens
it along both axes by adding a reaction wheel and two F/T-
sensed manipulators within a unified actuator-abstraction layer.

B. Manipulation on free-floating ground emulators

On-orbit servicing, active debris removal, and on-orbit
assembly have driven decades of work on free-flying and
free-floating space manipulators, surveyed comprehensively by
Flores-Abad et al. [31] and, for the dynamics and control of
the free-floating regime specifically, by Moosavian and Pa-
padopoulos [32]. The defining feature of this regime is that ma-
nipulator motion reacts back on an uncontrolled base, a cou-
pling formalized in the foundational free-floating-manipulator
literature via the generalized Jacobian’s dependence on the
(shifting) mass distribution [33, 34], and first demonstrated
in orbit by the ETS-VII free-flying space robot [35] and
exploited operationally by the Orbital Express demonstration,
which performed autonomous capture and robotic component
transfer between two spacecraft [36]. The DLR OOS-SIM
facility [37] emulates this servicer—target interaction on the
ground using industrial robot arms in a hardware-in-the-loop
scheme, complementing the air-bearing approach with full 6-
DoF motion at the cost of true free-floating dynamics.

A smaller body of work integrates robotic manipulators
directly onto air-bearing floating bases, motivated mainly
by autonomous capture of free-floating targets. Sabatini et
al. [11] demonstrate coordinated base-and-arm maneuvers that
exploit platform motion to optimize fuel efficiency, with
simulation and experimental validation. Rybus et al. [38]
reproduce the operations required for an orbital capture using
a free-floating manipulator mounted on a planar air-bearing
simulator. Santaguida and Zhu [9] present a planar testbed
with a 3-DoF manipulator, a pseudo-galactic star tracker for
pose estimation, and PD trajectory tracking, validated on a
tumbling-target capture scenario. Nagaoka et al. [39] show
that a dual-arm space robot can capture and detumble a
spinning target through repeated impacts, underscoring the
value of two coordinated arms with contact sensing for capture
— a configuration PINGU realizes with full six-axis F/T
feedback at each wrist. Bob & Charlie [10] are a pair of
FIT air-bearing vehicles equipped with 8-thruster RCS, a
reaction wheel, and various passive grippers and grasping
features — the closest existing system on actuator coverage,



TABLE I: Comparison of PINGU with existing planar/free-flying microgravity testbeds: ATMOS, Astrobee Flight (F), Astrobee
Ground (G), Slider, ESA ORGL, Bob & Charlie, M-STAR (6-DoF), JPL SSDT, the UniLu ZeroG floating platform, and our
platform. Entries marked — are not reported in the source paper.

ATMOS [5]  Astrobee F [12]  Astrobee G [13]  Slider [3] ESA [6] Bob & Charlie [10] M-STAR [7] JPL SSDT [22]  ZeroG FP [4] PINGU (Ours)
Physical properties
Mass [kg] 16.80 9.58 18.97 4.27 221.67 14.90 - - 532 25
Moment of inertia [kgm?] 0.297 0.162 0.252 0.190 12.223 - diag(1.19, 1.24, 1.43) - 0.0591 0.72-1.35¢
Height [m] - 0.32 0.32 - 1.025 - - - 0.45 0.65
Max. payload [kg] 150 - - - - - - - 20 1360
Actuation
Num. thrusters 8 2 (impeller) 8 8 8 8 16 8 8 8
Max. thrust per axis [N] 34 0.849 0.849 0.7 20.0 - - 0.51 1.0 1.5
Max. torque [Nm] 1.08 0.126 0.126 - 1.5 - - - - 0.24
Reaction wheel X X X v v v (x4) X X v
Integrated manipulators X 1 (perching) 1 (perching) X X gripper only X X X 2 (F/T)
F/T sensing on arm - X X - - X - - - v
Software & reproducibility
Open-source HW/SW v partial partial X X X X X X v
Learning-ready stack X X X X X X X X v v
Demonstrated tasks
Pose tracking v v v v v v v v v v
Docking / capture X v v X v v X X X v
Disturbance rejection (shifting CoM) X X X X X X X X X v
Contact-rich manipulation X X X X X X X X X v

4 ATMOS demonstrates a manipulator payload but does not include it as a characterized actuator in the base release.

b Via the external RANS/DRIFT toolchain [17], demonstrated for thruster-only control.
¢ Range depending on the arms configuration.

although their manipulation hardware is passive rather than
active and the platform is demonstrated only at the open-loop
characterization level. The Astrobee free-flyer [12, 13], used
both in flight aboard the ISS and as a ground emulator on a
granite table, includes a single perching arm. A recent review
of intra-vehicular free-flyers [14] surveys SPHERES, Int-Ball,
CIMON, and Astrobee, concluding that despite this lineage,
in-space manipulation has been demonstrated only to a limited
extent, and that the dynamic interaction between a free-floating
base and an active manipulator remains a central challenge for
autonomy.

The collective limitation of these systems is one of inte-
gration depth: typically a single arm with limited sensing, no
co-located reaction-wheel authority, and controllers tuned by
hand for narrow tasks. None to our knowledge co-integrate
dual F/T-sensed arms, a reaction wheel, and a thruster suite
under a unified software stack designed to swap controllers
without re-engineering the actuator interface.

C. Reinforcement learning for spacecraft and floating-
platform control

Deep RL has been applied to a broad range of spacecraft
GNC problems in simulation, from planetary landing [40]
and asteroid proximity operations [41] to motion planning for
dual-arm free-floating robots [20], with a recurring empha-
sis on adapting to poorly modeled dynamics (e.g., domain-
randomized attitude control across two orders of magni-
tude of mass—inertia variation [42]). Hardware demonstra-
tions are narrower: sim-to-real PPO for pose and velocity
tracking on a thruster-only floating platform (DRIFT [17]),
DRL guidance, proximity operations, and capture on the Car-
leton SPOT testbed [18, 43, 44], collision-free docking [19],
reaction-wheel attitude control under actuator failure [45],
and, most recently, a free-flyer operating aboard the ISS [46].
None of these combines thruster, reaction-wheel, and active-
manipulator authority on one platform, leaving the most
strongly inertia-coupled case untested on real hardware.

PINGU instead draws on the broader genre of research
platforms purpose-built for learning-based control, enabled by
GPU-parallel simulation [47, 48] and validated from legged
robots [49, 50] to drone racing [51] and high-speed contact
tasks [52, 53]. PINGU brings this methodology to planar
spacecraft emulators through an open end-to-end release, a
narrow sim-to-real gap, and classical and learned controllers
evaluated on the same task interfaces. It complements space-
focused simulation benchmarks [16] with open hardware and
focuses on reconfigurable inertia from on-board arms as the
main learning challenge, which prior floating-platform RL
work has not addressed.

D. Positioning of PINGU

Table I compares PINGU against representative prior plat-
forms across actuation, sensing, software stack, and demon-
strated tasks. Three observations follow. First, on actuator cov-
erage, PINGU is the only system surveyed to co-integrate a
thruster suite, a reaction wheel, and two F/T-sensed arms with
interchangeable end-effectors; the closest prior systems cover
at most two of these categories (thrusters+RW for the ESA
ORGL platform and M-STAR; thrusters plus a single arm for
Santaguida & Zhu [9] and Sabatini et al. [11]; thrusters+RW
with passive grippers for Bob & Charlie). Second, on software
stack, PINGU extends the open Pixhawk +Jetson+ROS 2
ecosystem shared with ATMOS by an actuator-abstraction
layer spanning the heterogeneous arms+RW-+thrusters mix,
and is built from the outset as a substrate for both clas-
sical and learned controllers on identical task interfaces —
whereas prior learning-on-hardware results in this class [17]
rely on external toolchains and thruster-only actuation. Third,
on fask coverage, prior platforms typically demonstrate one
or two task families; PINGU is evaluated on four (point-to-
pose, disturbance rejection under shifting CoM, momentum
stabilization, and force-controlled docking) with controllers
swapped through a common interface, enabling a like-for-like
classical-versus-learned comparison not previously reported
for this platform class.
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Fig. 2: PINGU system overview. Annotated assembly draw-
ing of the complete platform. The chassis is organized into four
functional layers from bottom to top: pneumatic base (high-
pressure gas bottles and regulator manifold), actuation mid-
section (eight cold-gas thrusters, reaction wheel, and LEVION
mounts), power section (dual LiPo batteries and distribution
electronics), and payload deck (exteroceptive sensor board and
LEVION).

III. SYSTEM DESIGN AND CHARACTERIZATION

PINGU is a reconfigurable planar microgravity emulator
designed for the systematic evaluation of spacecraft GNC
algorithms, with particular emphasis on contact-rich proximity
operations and docking build on top of the open-source plat-
form ATMOS[5]. The complete assembled platform is shown
in Fig. 2. Three co-designed subsystems are described in this
section: the mechanical chassis (Section III-A), which houses
the pneumatic supply, actuation modules, and payload inter-
faces; the electronics and sensing stack (Section III-B), which
integrates flight-controller-grade avionics with a multi-modal
exteroceptive sensor board; and the ROS 2-based software
design (Section III-C), which provides hardware abstraction
and controller-deployment infrastructure. Key actuation and
sensing components are characterized experimentally along-
side their hardware descriptions.

A. Mechanical Architecture

PINGU is built around a modular, vertically-layered chassis
measuring 40cm x 40cm x 65cm (Fig. 2). The structural
skeleton consists of 20mm x 20mm aluminum T-slot extrusion
profiles joined by polycarbonate side panels, while non-load-
bearing enclosures, brackets, and arm linkages are fabricated
via 3D printing. The chassis is organized into four stacked
functional sections along its vertical axis: a pneumatic base
containing the pressure bottles and regulator manifold, an ac-
tuation mid-section housing the thruster valves, reaction wheel,
and robotic arm mounts, a power section with the battery
packs and power-distribution electronics, and an open payload
deck rated. The pneumatic supply, actuator specifications,
and robotic arm configuration are detailed in the following
subsections.

1) Pneumatic Section: Like the open-source ATMOS plat-
form [5], PINGU uses three high-pressure gas bottles (1.5 L
each, filled to 200 bar) routed through a regulator manifold on

Fig. 3: New Way 150 mm flat round air bearing (S1015001).
Each bearing sustains a 6 aerostatic gap at 5 bar and is rated
for 453.5 kg static load. Three bearings are arranged in an
equilateral triangle beneath PINGU’s base plate, providing
near-zero friction over the test floor.

the pneumatic base plate. The manifold steps the supply down
to 5 bar on two separate regulated rails: one for the three air
bearings and one for the solenoid thrusters.

Frictionless planar motion is provided by three New Way
[54] 150 mm flat round porous-graphite air bearings (Fig. 3),
arranged in an equilateral triangle beneath the base plate.
Compared to the 60 mm bearings used on ATMOS, the 150
mm format substantially increases load capacity per bearing: at
the nominal 5 bar supply (within the rated 4.1 - 5.5 bar range)
each bearing sustains an aerostatic gap of approximately 6 at
a flow of 2.9 - 3.5 NLPM and is rated for an ideal static
load of 453.5 kg. The three-bearing arrangement yields a
combined bearing-limited load capacity of approximately 1360
kg, supporting a significantly heavier platform with heavier
payloads, such as the LEVION and their associated hardware.

2) Actuation Modules: PINGU employs three complemen-
tary actuation modalities: eight cold-gas thrusters for impulsive
planar force generation, a reaction wheel for continuous torque
control, and two LEVION arms for inertia reconfiguration and
contact manipulation. Together they cover the full range of
free-floating spacecraft maneuvers within the planar micro-
gravity environment.

a) Thrusters: The eight thrusters function analogously to
a spacecraft’s Reaction Control System (RCS): solenoid valves
with a maximum switching frequency of 500 Hz, operated in
software at a fixed carrier frequency of 10 Hz with a pulse
width ranging from 0 ms to 100 ms (full off to full on) for
proportional thrust modulation. Air is supplied at a manifold
pressure of 5 bar, drawn through 4 mm tubing and expelled
via 2 mm nozzles. The thrusters are arranged in a quad-
corner configuration: two at each corner of the actuation mid-
section with nozzle axes in mutually orthogonal body-frame
directions (Z and ), providing independent force generation
along both planar axes and torque about the yaw axis. Isolated
characterization, performed by firing a single valve into a force
plate, yields approximately 0.7 N per thruster. Because all
eight valves share a common supply manifold, simultaneous
actuation causes a pressure drop that reduces individual thrust
output; the resulting coupling is characterized in Fig. 4 and



must be accounted for in any thrust-allocation model.

Measured

Force [N]

Thruster State

5
Time [sec]

Fig. 4: Thruster characterization. Left: Measured force
output as thrusters are opened sequentially (1 through 8),
showing the progressive pressure drop across the shared supply
manifold that reduces individual thrust output under concurrent
actuation. Right: CAD model of the thruster box alongside the
assembled unit mounted on the PINGU actuation mid-section.

b) Reaction wheel: A single reaction wheel provides
continuous, non-impulsive attitude authority, complementing
the binary solenoid thrusters which cannot produce smooth
yaw torque profiles. The wheel is a 20 cm diameter disk 3D-
printed in metal-blended PLA to maximise rotational inertia
at low mass; the open-source design can equally be CNC-
machined from any solid material for higher inertia require-
ments. It is driven by a D5312S 330 KV dual-shaft brushless
motor controlled by an ODrive S1 [55], with the disk mounted
on one output shaft and an AMT212B magnetic absolute
encoder on the other. The motor delivers a torque constant
of 0.025 N—X‘. The reaction wheel angular velocity €2, and
generated torque 7, are modelled in discrete time as

cmag cm b
Qrkﬂ _ T bdk + (Qrk _ T bdk) exp (—JAt),and

TTk+1

= J Q. = (Tema, — 2y,) exp (—;At)
T

respectively, where b is a viscous friction constant, J, is the
wheel moment of inertia about its spin axis, and 7.4 is the
command torque at a given step. Fig. 5 show a comparison
between the modelled wheel dynamics and the measured
torque-speed envelope, across the full operating speed range.

c) LevionArms: The LEVION are the most distinctive
element of PINGU: a pair of planar 2-DOF robotic arms that
serve a dual role not found in existing air-bearing testbeds.
First, by repositioning their links, they actively redistribute
the platform’s effective centre of mass and moment of inertia,
enabling systematic evaluation of controller robustness across
different inertial regimes without changing the hardware.
Second, they act as contact-manipulation end-effectors for
proximity operations and docking, exercising the full sensing
and actuation stack in a single closed-loop task.

Each arm forms a shoulder-elbow serial chain (Fig. 6)
with a total mass of 2.28 kg, with links 3D-printed for low
mass and rapid reconfiguration. Both joints are actuated by
CubeMars AK80-8 KV60 quasi-direct-drive actuators (rated

output torque: 10 Nm; peak output torque: 25 Nm; 8:1
reduction ratio). During the experiments, the commanded joint
velocity and torque were limited to 10 rad/s and 10 Nm,
respectively; the low gear ratio maximizes backdrivability and
torque transparency, which is critical for compliant contact.
The shoulder joints share a symmetric range of +1.56 rad;
the elbow joints are geometrically mirrored — left elbow
[—2.61, —0.36] rad, right elbow [0.36, 2.61] rad — yielding a
manipulation workspace symmetric about the platform cen-
treline. Each arm’s motors are torque-controlled through a
PD law that allows compliant position reference tracking. A
Leptrino six-axis F/T sensor at each wrist provides full wrench
feedback for impedance control and contact-onset detection. A
standardized wrist coupling enables rapid interchange between
grippers, suction cups, and custom tools without any structural
modification.

3) Payload: PINGU rests on three New Way 150 mm flat
round air bearings, each rated at 453.5 kg, giving a combined
bearing-limited load capacity of 1360 kg; in practice, the
usable payload budget is constrained by the platform’s own
mass and the laboratory air supply. The mid-deck section
provides side mounts for the two LEVION arms, leaving
the top deck as a dedicated, highly customizable payload
area. In the default configuration, this top deck carries the
exteroceptive sensor board. The entire mounting interface is
designed to easily accommodate alternative actuation modules,
sensor arrays, or specialized experimental hardware, allowing
the platform to be reconfigured for different tasks and weight-
distribution requirements without structural modifications.

B. Electronics and Sensors

PINGU’s electronics subsystem integrates a flight-grade
compute stack, a shared CAN actuator bus, and a dual-
battery power distribution network, together with a dedicated
exteroceptive sensor payload described in Section I11-B2.

1) Electronics: The central compute stack is the Holybro
Pixhawk Jetson Baseboard, which integrates a Pixhawk 6X
flight controller and an NVIDIA Jetson Orin NX (16 GB
RAM) into a single package, simplifying the hardware and
software integration of PX4 with a companion computer. The
Pixhawk and Jetson communicate via the board’s internal

Fig. 5: Reaction wheel. (A) Measured torque-speed envelope
of the reaction wheel assembly, showing usable attitude-
control authority across the operating speed range. (B) The
20 cm metal-blended PLA disk mounted on the D5312S dual-
shaft motor inside the PINGU actuation mid-section.



Fig. 6: LEVION design. Planar 2-DOF arm mounted on
PINGU’s actuation mid-section. Each joint is driven by a
CubeMars AK80-8 KV60 quasi-direct-drive motor; a Leptrino
six-axis F/T sensor at the wrist provides wrench feedback
for impedance control. The symmetric bilateral mounting
allows the arms to reconfigure the platform’s effective inertia
distribution on-the-fly.

Gigabit Ethernet switch, which carries both the ROS 2 inter-
process traffic and the micro-XRCE-DDS bridge between PX4
and the companion computer.

a) Actuator drivers and CAN bus: The reaction wheel
motor and all four joints of the two LEVION arms share a
single CAN bus routed through the actuation mid-section. The
reaction wheel is driven by an ODrive S1 motor driver; each
arm joint is driven by the integrated CAN-FD interface of the
CubeMars AK80-8 KV60 actuator. All five joints are exposed
to ROS 2 via a ros2_control hardware interface running
at 200 Hz, providing a hardware-agnostic actuation API to the
software stack.

b) Power distribution: The system is powered by two 6S
9.5 Ah LiPo batteries (22.2 V nominal) with a shared ground,
partitioned into two isolated domains to prevent high-current
actuation transients from disturbing the control electronics
(Fig. 7). The control domain draws from the first battery
through a regulated 24 V buck-boost converter, supplying
the Pixhawk 6C, Jetson Orin NX, sensor board, and thruster
solenoids. The actuation domain draws from the second bat-
tery directly, powering the ODrive S1 motor controller and all
four CAN-FD arm actuators.

2) Sensor Suite: PINGU’s sensing is organized across
three complementary layers. Proprioceptive state is provided
by the Pixhawk 6C flight controller, which exposes a 3-axis
IMU (accelerometer and gyroscope), barometer, and magne-
tometer as standard ROS 2 sensor topics via the micro-XRCE-
DDS bridge, making inertial measurements available to all
control nodes without additional drivers. Each LEVION arm
wrist embeds a 6-axis force/torque sensor whose readings
are surfaced through the ros2_control hardware interface,
providing direct contact sensing for manipulation and docking
tasks. Exteroceptive perception is offloaded to a dedicated sen-
sor board based on the NVIDIA Jetson AGX Orin Developer
Kit, mounted on PINGU’s payload deck; all sensor drivers
run on this board and publish data as ROS 2 topics available
to the main Jetson Orin NX over the onboard Ethernet network
(Fig. 8).

The exteroceptive suite comprises four complementary
modalities. An Intel RealSense D455 RGB-D camera provides
colour imagery and depth point clouds via an active infrared
stereo pair, primarily used for close-range target detection and

Regulator

LiPo
24V

Solenoid valves

LiPo
24V

Fig. 7: Electronics overview. Two-domain power architecture
of PINGU. The control domain (Battery 1, 22.2 V nominal,
regulated) supplies the flight controller, compute, and solenoid
loads. The actuation domain (Battery 2, direct) supplies the
ODrive S1 and CAN-FD arm actuators. Signal paths — in-
cluding CAN bus, micro-XRCE-DDS bridge, and Ethernet —
are shown alongside the power rails. Both domains share a
common ground.

Fig. 8: PINGU sensor suite. The four exteroceptive modal-
ities mounted on the dedicated sensor board (Intel RealSense
D455, FLIR Firefly, Prophesee event camera, Livox LiDAR),
together with representative output from each.

docking. A FLIR Firefly RGB monocular camera provides a
high-frame-rate colour stream. A Prophesee event camera of-
fers sub-millisecond-latency asynchronous brightness-change
detection, enabling high-speed proximity sensing robust to
motion blur. A Livox mid-range LiDAR provides dense 3-D
point clouds for environment mapping and obstacle avoidance.
Together, the four modalities span the full spectrum from high-
frequency, low-latency event data to dense geometry, allowing
sensing pipelines to be benchmarked on the same platform and
task suite.

C. Software Design

PINGU'’s software is organized into two cooperating ROS 2
workspaces that cleanly separate hardware abstraction from
control logic (Fig. 9). The low-level platform workspace
runs on the Jetson Orin NX and is responsible for exposing
every actuator as a standard ROS 2 interface. The controller-
deployment workspace runs on the same machine and imple-
ments all control and inference logic. This separation allows
controllers (classical or learned) to be developed, evaluated,
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Fig. 9: Two-workspace ROS2 software architecture of
PINGU: the low-level platform workspace exposes all ac-
tuators as standard interfaces; the controller-deployment
workspace implements classical and learned control logic
above that abstraction boundary.

and swapped without any modification to the hardware-facing
layer.

a) Low-level hardware abstraction: All actuators are
exposed through two complementary mechanisms. Thruster
commands are handled by a dedicated PX4 offboard node
that places the Pixhawk 6X into direct-actuator offboard
mode via the micro-XRCE-DDS bridge and forwards an 8-
element command vector as an ActuatorMotors uORB
message over the DDS bus. The robotic arms and reaction
wheel are managed by a ros2_control hardware interface
that communicates with the CAN bus at 200 Hz, expos-
ing position, velocity, and effort command interfaces for all
five actuated joints. A command multiplexer node arbitrates
between concurrent command sources, allowing a user to
manually control the platform through a joystick or let the
autonomous controllers seamlessly take over, while enforcing
priority ordering and safety limits across the two actuation
paths. Sensor data enters the ROS 2 graph through two drivers:
a VRPN client publishes OptiTrack motion-capture poses at
100 Hz, and a RealSense driver streams RGB-D frames for
vision-based tasks.

b) Controller deployment and inference: All controllers
share a common output interface: a 15-element command
vector comprising a bearing flag, a thruster-enable bit, eight
binary thruster duty-cycle values, four LEVION arm joint
setpoints, and one reaction-wheel torque command. Classical
controllers are implemented as ROS 2 nodes that subscribe to
the state topics and publish to this interface directly. Learned
policies are deployed via a ROS 2 node built on the RoboRAN
framework [15], which runs a fixed-rate inference loop at
10 Hz (Fig. 10). The node composes four interchangeable
modules in a fixed pipeline. A state preprocessor converts
raw sensor data into the body-frame state required by the
policy; the default implementation buffers OptiTrack pose
messages at 100 Hz over a 30-frame window and numerically
differentiates them to obtain linear and angular velocities,
while drop-in alternatives (ArUco marker detection, odometry)
are registered via the same factory interface. A task-specific
observation formatter assembles the policy input tensor from
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Fig. 10: ROS2 deployment node graph. External inputs
(red) feed the Task Node, which chains four interchangeable
modules (blue): a state preprocessor (sensor drivers and ve-
locity estimation), observation formatter (task-specific input
assembly), inference runner (policy evaluation), and robot
interface (action mapping). The robot interface publishes a
unified command to the CMD Mux, which arbitrates between
autonomous and manual (joystick) control sources. The Low-
Level Controller (green) routes thruster commands to PX4 via
an ActuatorMotors uORB message and joint commands
to ros2_control (yellow), which manages effort, position,
velocity, and trajectory controllers for the reaction wheel and
both LEVION arms over the CAN bus. Every module is hot-
swappable at launch time; the hardware layer requires no
modification when the task, sensor, or policy changes.

the preprocessed state and a received goal; for example, the
GoToPose formatter computes goal distance, heading errors
(sine/cosine encoded), body-frame velocities, and the previ-
ous action vector. An inference runner evaluates the loaded
policy at each step. The platform natively supports RSL-RL
[56] checkpoints, executing both MLP and GRU architectures
while directly restoring empirical observation-normalization
statistics. For broader compatibility, the runner also integrates
ONNX Runtime (leveraging GPU acceleration via NVIDIA
TensorRT on the Jetson), SKRL, RL-Games, and a classical
LQR baseline. A robot interface maps the policy output to
the shared 15-element command vector. A simulation bridge
is also provided, allowing a policy to step inside IsaacLab
[21] while issuing live actions to the hardware, enabling
closed-loop validation before committing to fully off-policy
deployment. Switching between a classical and a learned
controller requires only relaunching the controller-layer nodes;
the hardware-abstraction layer and all sensor pipelines remain
unchanged.

c) Digital Twin: The PINGU digital twin is imple-
mented within the Space Robotics Bench (SRB) [16], a
GPU-accelerated robot-learning framework built on top of
IsaacLab [57] and NVIDIA Isaac Sim. The simulated envi-
ronment faithfully reproduces the full platform dynamics —
rigid-body kinematics, binary solenoid-valve thrusters, reac-
tion wheel, and 2-DOF LEVION arms with configurable end-
effectors — as well as the physical laboratory layout, includ-
ing the precision-levelled air-bearing test floor, an OptiTrack
motion-capture system, and two ceiling-mounted Universal
Robots UR10 manipulators that serve as interactive targets



Fig. 11: PINGU digital twin in the Space Robotics Bench.
Thousands of parallelized copies of the laboratory environment
running simultaneously on a single GPU inside IsaacLab. Each
instance contains a full PINGU model (air-bearing platform
with two LEVION arms) and two UR10 manipulator mounted
to the ceiling and wall rails, replicating the physical laboratory
layout. Massively parallel rollouts with domain randomization
enable the sim-to-real transfer results reported in Section [V.

for proximity-operations and contact-dynamics tasks (Fig. 11).
Exploiting PhysX rigid-body simulation, SRB runs thousands
of environment instances in parallel on a single GPU, enabling
sample-efficient RL training with domain randomization. Be-
yond training, the digital twin is used for controller valida-
tion before hardware deployment and as a real-time state-
visualization interface during laboratory experiments.

IV. EXPERIMENTAL EVALUATION

The experiments presented here are designed to demonstrate
the breadth of PINGU’s capabilities rather than to bench-
mark algorithms in isolation. Concretely, we aim to show
three things: (i) the platform’s unified actuator-abstraction
layer allows both classical optimal controllers and end-to-end
learned policies to be deployed on the same hardware, on the
same tasks, without modifying the underlying stack; (ii) the
platform’s modular sensor suite can be integrated directly into
the control pipeline, enabling sensor-driven tasks beyond blind
pose tracking; and (iii) the digital twin is a faithful enough
model of the real platform that policies trained entirely in
simulation transfer to hardware with acceptable performance.

a) Task overview: The four tasks are organized in in-
creasing order of complexity. Point-to-Pose Navigation is the
foundational planar maneuver, evaluated with both a classical
LQR and a learned PPO controller across three actuator
subsets (thrusters only, thrusters + reaction wheel, and all ac-
tuators), establishing baseline accuracy and a direct classical-
vs-learned comparison across the three arm configurations of
Fig. 12. Dynamic Disturbance Rejection takes the same
navigation task and adds a continuous, unobservable CoM dis-
turbance driven by the LEVION arms oscillating autonomously,
isolating the learned policy’s ability to reject structured, low-
frequency inertia shifts that a rigid-body model cannot fully
capture. Momentum Damping / Stabilization isolates the
reaction wheel alone and evaluates a PPO policy’s ability
to damp arbitrary initial angular velocities across the three

Fig. 12: LEVION arm configurations. Three static arm
poses used throughout the experiments to vary the platform’s
effective moment of inertia: Rest (arms extended outward at
90°, maximizing inertia); Closed (arms tucked toward the
body, minimizing inertia); and Side (both arms extended to
one side, producing an asymmetric mass distribution). The
configurations are held fixed during each run and are not part
of the controller’s action space; they serve as a structured
way to stress-test controller robustness across different inertial
regimes.

arm configurations, probing the wheel’s real authority under
varying effective inertia. Force-Controlled Docking is the
most integration-intensive task: an ArUco marker detected by
the onboard RGB-D camera provides a live 6-DoF goal to
the learned point-to-pose controller, and contact with a fixed
wall is managed through joint-space impedance control on the
LEVION arms, with contact onset detected by the wrist F/T
sensors — exercising the full sensing and actuation stack in a
single closed-loop pipeline.

A. Tasks

1) Point-to-Pose Navigation: In this task, PINGU must
navigate from a random initial pose to a fixed target pose
(z*,y*,4*). This is the platform’s foundational maneuver and
the first task on which both classical and learned controllers are
evaluated side by side: every other task in this evaluation either
builds directly on it (point-to-pose under disturbance, vision-
guided docking) or reuses its reward structure. To highlight
the system’s reconfigurability, the task is executed using three
actuator subsets: thrusters only, thrusters and reaction wheel,
and all actuators (including arms). For the two reduced
subsets, the LEVION arms are held static at one of the three
fixed poses introduced in Fig. 12 (Side, Rest, Closed), so that
the effective inertia is varied independently of the controller.
A classical LQR controller (with integral action over position
and heading) and a learned PPO controller are both deployed
on hardware for the thrusters only and thrusters + reaction
wheel subsets; PPO alone is evaluated on the all-actuators
configuration since the arm joints are part of its action space.
Performance is quantified by the final position error e, [m]
and heading error e, [rad]. Results across all configurations
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Fig. 13: Point-to-pose navigation. Left: hardware trajectories
of PINGU navigating from four random initial poses (col-
ored dots) to a fixed target pose and heading (arrow), with
arrowheads marking direction of travel. Right: corresponding
distance error (top) and heading error (bottom) over time for
the same four runs, both converging to near zero well within
the 60s trial.

are reported in Table II.

Because this reward is reused, unmodified, by the
disturbance-rejection task and underlies the navigation com-
ponent of the docking task, we define it in full here. For the

learning controllers, the reward function r{**™" is

4 Tlt)nd

v,w

+ry

pose-nav __ _pose
Tt =T

where r{™° rewards the robot for reaching the target position

and heading simultaneously, r;’“ penalizes the rtobot for
exceeding a desired range of linear and angular velocities, and
r? penalizes the robot’s proximity to a defined maximum
distance boundary, keeping it within the workspace. The full
reward expression and weights are given in Table VII.

We demonstrate the PINGU platform’s ability to host
both model-based and learned controllers through the same
actuator-abstraction layer without any hardware modification
by successfully deploying both PPO [58] and LQR[59], and
showing that converge to the target pose. The PPO controller
consistently outperforms LQR on position accuracy across
all actuator subsets and arm configurations: in the thrusters-
only configuration, PPO reduces e, by 55-69% relative to
LQR (e.g., 0.024m vs. 0.083 m for Side, 0.053 m vs. 0.170 m
for Closed); in the thrusters + reaction wheel configuration,
PPO similarly halves the position error (Rest: 0.048m vs.
0.109 m; Closed: 0.068m vs. 0.130m). Heading errors are
more comparable between the two controllers, with LQR
occasionally matching PPO on that metric alone. The all-
actuators configuration, available to PPO only, achieves the
lowest real-world position error overall (e, = 0.0081m),
reflecting the additional control authority the arms provide
when included in the action space. The sim-to-real gap for

Point-to-Pose Navigation

Methods ep[m] | eolrad] |
(a) All actuators
Sim 0.0022 (+0.002) 0.0044 (+0.003)
Sim + DR 0.0124 (+o0.019 0.0129 (+0.012)
PPO (Real) 0.0081 (+0.001) 0.0257 (+o0.015)
(b) Thrusters and reaction wheel
Rest
Sim 0.0220 (+0.022) 0.0047 (+0.004)
Sim + DR 0.0097 (+0.010) 0.0069 (+0.006)
PPO (Real) 0.0482 (+0.027) 0.0279 (+0.020)
LQR (Real) 0.1088 (+0.084) 0.0630 (+0.095)
Closed
Sim 0.0045 (+0.006) 0.0040 (+0.003)
Sim + DR 0.0145 (+o0.011) 0.0067 (+0.007)
PPO (Real) 0.0679 (+0.050) 0.0598 (+0.035)
LQR (Real) 0.1303 (+o0.076) 0.1005 (+o0.118)
Side
Sim 0.0137 (+o0.011) 0.0047 (+0.004)
Sim + DR 0.0083 (+0.009) 0.0081 (+0.009)
PPO (Real) 0.0547 (+0.042) 0.0275 (+o0.015)
LQR (Real) 0.097 (+o.057) 0.0306 (+o0.011)
(c) Thrusters only
Rest
Sim 0.0057 (+0.009) 0.0046 (+0.003)
Sim + DR 0.0056 (+0.007) 0.0105 (+0.008)
PPO (Real) 0.0745 (+0.040) 0.0219 (+0.003)
LQR (Real) 0.0843 (+0.036) 0.0461 (+0.067)
Closed
Sim 0.0099 (+o0.011) 0.0055 (+0.004)
Sim + DR 0.0075 (+0.009) 0.0062 (+0.005)
PPO (Real) 0.0527 (+o0.019 0.0414 (+0.036)
LQR (Real) 0.1696 (+0.084) 0.0307 (+o.016)
Side
Sim 0.0064 (+o0.011) 0.0024 (+0.003)
Sim + DR 0.0069 (+0.009) 0.0087 (+0.008)
PPO (Real) 0.0241 (+o0.016) 0.0335 (+o0.016)
LQR (Real) 0.0830 (+0.025) 0.0229 (+0.023)

TABLE II: Point-to-pose navigation. Final position error e,
and heading error e, comparing the learned PPO controller
(Sim, Sim+DR, and Real) against the classical LQR controller
(Real only), across three actuator subsets and three static
LEVION arm poses (Side, Rest, Closed). The all-actuators
configuration has no LQR baseline as the arms are part of
the PPO action space.

PPO is consistent across the three static arm poses within a
given actuator subset, suggesting it is driven by unmodeled
thruster and air-bearing dynamics rather than by the specific
arm configuration.
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Fig. 14: Dynamic disturbance rejection. Top: heading error
0 over time for four representative hardware runs, converging
toward zero despite the continuous CoM disturbance. Middle:
corresponding distance error to the target pose, converging
with bounded residual oscillations driven by the disturbance.
Bottom: commanded shoulder/elbow joint positions for the
same four runs, showing the disturbance generator’s contin-
uous +0.8rad oscillation throughout each 60s trial. Frame
sequence: a representative run, with the platform navigating
to the target pose while its arms swing autonomously.

2) Dynamic Disturbance Rejection (CoM Shifting): In this
task, PINGU must navigate to a target pose (z*,y*,¢*)
while its two LEVION arms introduce continuous, uncontrolled
disturbances to the system’s CoM. The arms oscillate au-
tonomously between +0.8rad at the shoulder joints through
a four-state finite state machine (hold right — swing left —
hold left — swing right), with each transition duration sampled
uniformly from [0.1,0.3] s and cosine-interpolated to produce
smooth, time-varying CoM displacements. Because the arms
are driven by a separate position controller and are not part
of the policy’s observation space, their motion constitutes an
exogenous disturbance that the agent must reject implicitly
through its thruster and reaction-wheel commands alone. The
task otherwise follows the same reward function as the Point-
to-Pose Navigation task. It specifically evaluates the agent’s
ability to reject a persistent, structured CoM perturbation with-
out direct observability of its source, probing the robustness
of the learned momentum-management strategy.

The heading error degrades only mildly from simulation
to hardware: domain randomization alone raises e, from
0.0074rad (Sim) to 0.0340rad (Sim + DR), and the real-
hardware result (e, = 0.0346rad) is nearly indistinguish-
able from the Sim + DR value, indicating that domain
randomization closes most of the heading sim-to-real gap.
Position tracking is harder to transfer: the real position error
(ep = 0.0889m) is more than five times larger than the

Dynamic Disturbance Rejection

Methods ep[m] } eolrad] |

Sim 0.0070 (+0.005) 0.0074 (+o0.011)
Sim + DR 0.0156 (+o0.016) 0.0340 (+0.057)
Real 0.0889 (+0.041) 0.0346 (+o0.018)

TABLE III: Dynamic disturbance rejection. Final position
error e, and heading error e, for the PPO policy navigating
to a fixed target pose under continuous, unobserved CoM
disturbance from arm motion, evaluated in simulation, in
simulation with domain randomization (DR), and on hardware.

Sim + DR value (e, = 0.0156m), a substantially larger
jump than for heading. Because the policy never observes
the arms directly, it must infer and reject the resulting CoM-
induced positional drift purely from the platform’s own pose
feedback, so residual modeling mismatches in the real thruster
and air-bearing dynamics are amplified by the disturbance’s
persistent, never-settling nature. Despite this gap, the policy
maintains stable closed-loop tracking throughout each 60s
trial, with the bounded distance-error oscillations visible in
Fig. 14 confirming that it successfully rejects a persistent,
unobserved CoM perturbation without diverging.

3) Momentum Damping / Stabilization: In this task,
PINGU is initialized with a random angular velocity drawn
uniformly from [+0.1, +0.5] rad/s and must bring its rotation
to rest using the reaction wheel alone, with no thruster
actuation. The experiment probes the reaction wheel’s angular-
momentum absorption capacity across three LEVION arm con-
figurations that vary the platform’s effective moment of inertia
(Fig. 12): Side (producing an asymmetric mass distribution);
Rest (extended radially outward and maximizing effective
inertia); and Closed (minimizing effective inertia). A PPO
policy is trained to command the reaction wheel torque as a
function of the current angular velocity; Fig. 15 illustrates the
resulting angular-velocity decay and commanded torque for
four representative runs in the Rest configuration. Performance
across all three configurations is quantified by the residual
angular velocity ¢ [rad/s] and the half-time ¢, /2 [s], the time
for the angular velocity to reach half its initial magnitude, as
reported in Table IV.

In simulation, the policy stabilizes the platform at a compa-
rable rate and residual velocity across all three arm configura-
tions (t; /2 ~ 3.8-4.1s, ¢ ~ 0.043-0.047 rad/s), indicating low
sensitivity to the arm-induced inertia changes considered here.
On hardware, the policy decays the angular velocity fastest in
the Side configuration (1,5 = 4.8455), as also illustrated by
the representative Rest-configuration runs in Fig. 15, but settles
to the largest residual velocity of the three (¢ = 0.0594 rad/s);
conversely, Rest decays more slowly (t1,, = 6.377s) yet
reaches the lowest residual velocity overall (¢ = 0.0228 rad/s),
while Closed performs worst on both metrics (¢, = 6.580s,
¢ = 0.0534rad/s). This rank reversal between fastest initial
decay and lowest long-term residual velocity, absent from
the simulated results, indicates that the reaction wheel’s real
disturbance-rejection authority interacts with the platform’s
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Fig. 15: Momentum damping in the Rest arm configuration.
Top: magnitude of the platform’s angular velocity over time
across four representative hardware stabilization runs; dotted
lines mark half the initial angular velocity and diamond mark-
ers indicate each run’s half-time ¢, /5. Bottom: corresponding
commanded reaction-wheel torque for the same four runs,
showing the PPO policy applying progressively less braking
torque as the angular velocity decays toward zero.

Stabilization
Methods qb[rad/s] J, thalf[S] \J/
(b) Rest
Sim 0.0467 (+o0.015) 3.7975 (+1.607)
Real 0.0228 (+0.023) 6.377 (+4.941)
(¢) Closed
Sim 0.0432 (+0.015) 3.8773 (+1.646)
Real 0.0534 (+0.093) 6.580 (+5.046)
(a) Side
Sim 0.0429 (+o0.015) 4.0773 (+4.750)
Real 0.0594 (+0.030) 4.845 (+1.873)

TABLE IV: Momentum damping / stabilization. Residual
angular velocity ¢ and half-time ¢, /5 of the reaction-wheel-
only PPO stabilization policy, evaluated in simulation and on
hardware across three LEVION arm configurations (Side, Rest,
Closed) spanning the platform’s range of effective moment of
inertia.

effective inertia distribution in ways not fully captured by the
simulated dynamics, particularly in the low-velocity tail of the
response.

4) Force-Controlled Docking: This task showcases the in-
tegration of PINGU’s full sensing and control stack into a
single pipeline, chaining vision-based pose estimation, learned
navigation control, and contact-triggered compliant control
across three of the platform’s actuation modalities. The Intel
RealSense D455 RGB camera on the sensor payload detects
an ArUco fiducial marker affixed to a fixed wall and estimates
its 6-DoF pose relative to the platform in real time; this pose
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Fig. 16: Force-controlled docking. Top: frame sequence of a
representative run, with the platform’s trajectory approaching
the wall-mounted ArUco target. Middle: magnitude of the
F/T-sensed contact force at the left (solid) and right (dashed)
wrist over four repeated runs, showing intermittent contact
spikes once the arms reach the wall. Bottom: magnitude of the
platform’s linear velocity for the same four runs, peaking mid-
approach and decaying to near zero as the arms’ compliant
contact dissipates the platform’s residual kinetic energy.

is fed as the goal to the same learned point-to-pose controller
evaluated above, which drives the floating platform toward
the wall. As the LEVION arms make contact with the wall,
the Leptrino six-axis F/T sensor at each wrist registers the
contact event. Rather than actively braking with the thrusters or
reaction wheel, PINGU lets its own inertia carry the residual
approach velocity into the wall, and the resulting contact is
damped entirely at the arm level by a joint-space impedance
controller running in the LEVION arms’ ros2_control loop:
each joint tracks a fixed position setpoint through a virtual
spring-damper law with fixed K, and K, gains, so that the
arm yields compliantly on contact and dissipates the platform’s
residual kinetic energy without letting the wall’s reaction force
push the floating base back away from the docking surface.
Fig. 16 reports results over multiple docking runs, showing
the F/T force measured at the left and right wrists together
with the platform’s velocity at the end of each contact.

V. DISCUSSION

The experiments of Section IV were designed less to crown
a single best controller than to demonstrate that PINGU can
host a heterogeneous set of controllers and tasks on one
chassis. Several lessons emerge from running them.

a) Classical and learned control share the same hard-
ware, with complementary strengths: The headline systems
result is that a hand-tuned LQR and an end-to-end PPO
policy both deploy on PINGU through the identical actuator-
abstraction layer, on identical tasks, with no change to the
low-level stack (Section IV-A1). Within that common envelope
the two controllers exhibit a clear and consistent trade-off:
the learned policy roughly halves the final position error of



LQR across every actuator subset and arm configuration, while
the two are far closer on heading, where LQR occasionally
matches PPO. The advantage widens when the arms are
admitted into the policy’s action space — the all-actuators
configuration attains the lowest position error in the study
(ep = 0.0081 m), confirming that the additional control au-
thority of the arms is usable by a learned controller in a way
an LQR built on a fixed rigid-body model cannot exploit. This
is precisely the kind of like-for-like comparison PINGU is
built to enable, and it is, to our knowledge, the first reported
across the full thruster + reaction-wheel + arm envelope on real
hardware.

b) Real attitude authority depends on effective inertia
in ways simulation under-predicts: The reaction-wheel sta-
bilization task (Table IV) is the clearest example of a phe-
nomenon that only the hardware reveals. In simulation the
policy damps the platform at near-identical rates across all
three arm configurations; on hardware a rank reversal appears
between fastest initial decay (Side, t1 ;2 = 4.855s) and lowest
long-term residual velocity (Rest, ¢ = 0.0228rad/s), with
the minimum-inertia Closed pose worst on both metrics. The
reaction wheel’s true disturbance-rejection authority therefore
interacts with the platform’s mass distribution and with friction
in the low-velocity tail in a manner the simulated dynamics
do not fully capture. That this surfaces only on hardware
underscores the value of a platform on which effective inertia
can be varied as a controlled, repeatable experimental variable
rather than a modeling assumption.

c) Where the sim-to-real gap lives: Across tasks the
gap is strongly anisotropic. Domain randomization closes
almost all of the heading gap — in disturbance rejection
the real heading error (0.0346 rad) is nearly indistinguishable
from the Sim+ DR value (0.0340rad) — whereas position
tracking transfers far less cleanly, with the real error exceeding
Sim+DR by more than fivefold under a persistent CoM
disturbance. Two observations localize the cause. First, the
gap is consistent across the three static arm poses within
a given actuator subset, which points away from the arm-
induced inertia change and toward unmodeled thruster and
air-bearing dynamics as the dominant residual. The shared-
manifold pressure coupling characterized in Fig. 4, whereby si-
multaneous valve firing depresses per-thruster force, is a prime
suspect: it directly corrupts the translational impulse budget
while leaving differential yaw commands comparatively intact.
Second, the low-rate 10 Hz policy-inference loop, set against
100 Hz state feedback and a 200 Hz joint loop, bounds how
quickly translational drift can be corrected once it accumulates.
Both are concrete, characterizable targets — manifold-aware
thrust allocation and a higher-rate inference path — rather than
fundamental limits.

d) Reconfigurable inertia as a first-class research instru-
ment: The LEVION arms serve two distinct roles in these
experiments, and both proved essential. Held static in the three
poses of Fig. 12, they let us sweep effective inertia without
touching the hardware; driven autonomously, they generate a
continuous, unobserved CoM disturbance that the navigation
policy must reject blind (Fig. 14). The policy maintains
bounded, non-divergent tracking throughout each trial despite

never observing the arms — evidence that learned controllers
can absorb the structured, hard-to-model inertia variation that
classical model-based design handles least gracefully. This is
the central capability distinguishing PINGU from thruster-
and-wheel-only emulators, and it is what makes the platform
a substrate for the open problem of sim-to-real RL under
reconfigurable inertia.

e) Integration and maintainability: Finally, the experi-
ments are themselves evidence for the system-level design
choices. The two-workspace ROS 2 architecture (Fig. 9) meant
that swapping LQR for PPO, or a fixed marker goal for a
live RGB-D detection in the docking task, required relaunch-
ing only controller-layer nodes; the hardware-abstraction and
sensor layers were untouched across all four tasks. The two-
domain power split kept high-current arm and wheel transients
off the control rails over long experiment campaigns. These
are not headline scientific results, but they determine whether
a platform survives contact with real research use — and
they are the properties we most hope the open-source release
transfers to other groups.

VI. CONCLUSION

We presented PINGU, a reconfigurable planar microgravity
platform that co-integrates eight cold-gas thrusters, a reaction
wheel, and two force/torque-sensed LEVION arms with inter-
changeable end-effectors that extends the open-source ATMOS
testbed, under a unified ROS 2 stack that exposes every actua-
tor through a common abstraction layer. We characterized each
subsystem, described the control and simulation infrastructure,
and validated the platform on four tasks — point-to-pose
navigation, dynamic disturbance rejection under arm-induced
CoM shifts, reaction-wheel stabilization, and force-controlled
docking — deploying classical and learned controllers on the
same hardware through the same interface. Taken together,
the results support the paper’s central claim: PINGU is less
a single result than an enabler, a common substrate on which
the spacecraft-GNC and reinforcement-learning communities
can pose and answer questions that no existing planar testbed
supports end-to-end.

That framing is clearest when set against the representative
use cases of Fig. 1. Of the five envisioned, three — docking,
point navigation, and momentum stabilization — are demon-
strated here; the remaining two define our immediate roadmap.

a) Dual-arm capture and detumbling: The target-
catching use case is the natural next step for the arms: coor-
dinated dual-arm capture and detumbling of a free, tumbling
target, with the wrist F/T sensors closing the compliant-impact
loop that contact-rich capture demands [39, 44, 9]. The ceiling-
and wall-mounted UR10 manipulators already modeled in the
digital twin (Fig. 11) provide a repeatable, programmable
moving target for exactly this scenario, letting capture policies
be trained in simulation and transferred to a controlled physical
rehearsal.

b) Magnetic wall locomotion: The wall-locomotion use
case exploits PINGU’s standardized wrist coupling: fitting
magnetic end-effectors lets the arms “walk” the platform along
a ferromagnetic structure, a propellant-free locomotion and



station-keeping mode for inspection and traversal of large
structures. This recasts the arms from manipulators into a
locomotion subsystem and stresses the base—arm coupling in
a regime — sustained contact under intermittent anchoring —
that none of our current tasks exercises.

c) Richer perception in the loop: The docking experi-
ment relied on a single ArUco marker and the RGB-D camera;
the platform’s event camera, LiDAR, and global-shutter RGB
sensor remain outside the control loop. Bringing them in
— for markerless, high-rate relative pose estimation of non-
cooperative targets — is the perception counterpart to the
capture and locomotion goals above, and the multi-modal
sensor board was provisioned with exactly this progression
in mind.

We release the full hardware design, firmware, ROS 2
packages, simulation environments, and experimental logs to
lower the barrier to entry for learning-based spacecraft GNC
research, in the hope that PINGU serves the community as
a shared, extensible foundation for the contact-rich, inertia-
coupled proximity-operations problems that remain open.
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APPENDIX
A. Reproducibility and Open Access

To support reproducibility and lower the barrier to entry for
learning-based spacecraft GNC research, we openly release
all assets associated with this work. The complete hardware
design (CAD and BOM), firmware, ROS 2 packages, sim-
ulation environments, training scripts, experimental logs, and
supplementary videos are available at https://snt-spacer.github.
i0/UniLuFP/.

B. More Implementation Details

All policies are trained with Proximal Policy Optimiza-
tion (PPO), using the RSL-RL [56] implementation within
IsaacLab [21], across 5 random seeds, with 4096 parallel
environments during training and 640 environments at eval-
uation. We consider two policy architectures: a feed-forward
multi-layer perceptron (MLP) and a recurrent variant that
inserts a single-layer gated recurrent unit (GRU) before the
actor and critic heads to provide memory for rejecting the
unobserved, time-varying disturbances induced by arm motion.
The two architectures share all optimization hyperparameters;
they differ only in the recurrent core and in the training budget
(the recurrent policy is trained for twice as many iterations to
accommodate the additional parameters). Table V summarizes
both configurations.

a) Domain randomization: To bridge the sim-to-real gap,
a set of per-environment physical parameters of the platform
base is re-sampled at every episode reset. The base mass
is perturbed by a uniform offset in [—5,+5] kg. The center
of mass is displaced by up to 0.1 m in a uniformly random
horizontal direction. A constant external wrench is drawn once
per episode and held for its entire duration: a planar bias force
of up to 1 N along a random direction, together with a bias yaw
torque of up to 0.05 N m, emulating unmodeled effects such
as air-bearing tilt, residual table slope, and thruster imbalance.
These three are the randomizations enabled during training;
action-level noise and thruster-gain rescaling are implemented
in the framework but disabled for the reported experiments.
The platform’s moment of inertia is not randomized explicitly;
inertial variation is instead induced physically through the
three static LEVION arm configurations (Fig. 12) and implic-
itly through the mass and CoM randomization.
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TABLE V: PPO hyperparameters for the Dynamic Disturbance
Rejection policies, for the feed-forward (MLP) and recurrent
(GRU) variants. Shared values span both columns.

Hyperparameter PPO (MLP) PPO (GRU)
Number of envs 4096
Number of steps per iteration 16

Number of learning epochs 5

Number of mini-batches 4

Clip range 0.2

Entropy coefficient 0.005

Value loss coefficient 1.0

GAE balancing factor A 0.95
Discount factor ~y 0.99

Desired KL-divergence 0.01

Initial learning rate 1x1073
Learning-rate schedule Adaptive

Max gradient norm 1.0

Initial action noise std 1.0

Actor and critic MLP [64, 64]
Activation function Tanh
Recurrent core — GRU
GRU hidden dimension — 64
GRU layers — 1
Training iterations 1000 2000

Table VII details the reward terms used to train each policy.
Every reward is the weighted sum of a task objective and
a set of regularization terms that shape how the objective
is achieved. For Point-to-Pose Navigation (a), the dominant
term is an exponential pose reward that rewards simultane-
ous convergence in position (d,) and heading (dp); this is
complemented by soft linear- and angular-velocity penalties
that discourage overshoot, a boundary term that keeps the
platform inside the workspace, and the platform regularization
of block (c). The latter is a set of small penalties on the
actuation itself—joint acceleration, thruster action rate and
effort, reaction-wheel speed and torque, and arm motion
and collisions—that together suppress chattering, discourage
wasteful actuation, and yield smooth commands. As noted in
the table, the reaction-wheel and arm penalties are active only
for the actuator subsets that include those effectors.

The Reaction-Wheel Stabilization task (b) is the
momentum-damping experiment: the platform spawns with a
residual body spin of 0.1-0.5rad/s and must null its yaw rate
using only the reaction wheel. The single task term rewards
driving the yaw rate w, toward zero (w} = 0) through a sharp
exponential kernel (A, = 0.5), so the reward grows steeply as
the platform comes to rest. Because this policy actuates only
the reaction wheel, its regularization is wheel-specific rather
than the terms in (c): a quadratic penalty on internal wheel
speed wyy discourages saturation (a saturated wheel produces
no usable torque), and a penalty on commanded torque Ty
discourages unnecessary actuation, encouraging the policy to
brake decisively and then desaturate. These two penalties are
deliberately small relative to the unit-weight stabilization term,
so they regularize the behavior without competing with the
primary objective.

C. More Experiments

Tables VI and VIII report the complete ablation study un-
derlying the curated hardware numbers of Section IV. Across

Method ep [m] | o [rad] |
(a) Point-to-Pose Navigation — all actuators

PPO (Sim) 0.0022 0.0044 00
PPO + DR (Sim) 0.0274 0 0.0192 01
PPO + DR (Real) 0.0584 (0.0 0.0560 (=
PPO-GRU + DR, 1000ep (Sim) 0.0209 (+0.034 0.0277 02
PPO-GRU + DR, 1000ep (Real, chkpt. 1)  0.0862 (+0.0 0.0443 (+0.031
PPO-GRU + DR, 1000ep (Real, chkpt. 2)  0.0855 (+0.01¢ 0.0211 017
PPO-GRU + DR, 2000 ep (Sim) 0.0124 01 0.0129 01
PPO-GRU + DR, 2000ep (Real, chkpt. 1)  0.0214 (+0.015)  0.0484 2
PPO-GRU + DR, 2000ep (Real, chkpt. 2) ~ 0.0081 (+o.001)  0.0257 01
(b) Dynamic Disturbance Rejection

PPO (Sim) 0.012 002 0.016 o«
PPO + DR (Sim) 0.029 oc 0.033 oc
PPO + DR (Real, seed 1) 0.1346 (+0.041 0.0438 (+o0.0
PPO + DR (Real, seed 3) 0.1502 (+0.020 0.0708 ).01
PPO-GRU (Sim) 0.0070 005 0.0074 011)
PPO-GRU + DR (Sim) 0.0156 (+0.01 0.0340 7
PPO-GRU + DR (Real, seed 4) 0.1521 044 0.0887 (+0.074)
PPO-GRU + DR (Real, seed 1) 0.0889 1 0.0346 (+0.015)

TABLE VI: All-actuator navigation and dynamic distur-
bance rejection — full ablation. Final position error e, and
heading error e, for the two studies in which the arms are
actuated (all-actuators navigation) or continuously animated
as a disturbance (dynamic rejection), so no static arm pose
applies. For the all-actuators policy we also sweep the recur-
rent training budget (1000 vs. 2000 epochs); for the hardware
entries we report multiple training seeds / deployment runs.
Lower is better.

tasks we sweep up to four axes. Arm configuration varies the
platform’s effective moment of inertia by fixing the LEVION
arms at one of the three static poses of Fig. 12: Side, Rest, and
Closed. This axis applies only to the reduced-actuator subsets
(thrusters only, thrusters + reaction wheel); the all-actuators
navigation policy and the disturbance-rejection policy either
control or continuously animate the arms and therefore have
no single static pose. Policy architecture contrasts the feed-
forward PPO (MLP) policy with the recurrent PPO-GRU
policy, whose hidden state provides the memory needed to
infer unobserved inertial shifts. Domain randomization (DR)
toggles randomization of the base mass, center of mass, and a
constant external wrench (a per-episode bias force and torque)
during training, and is a prerequisite for hardware transfer;
the exact ranges are given in Appendix B. Deployment
distinguishes simulation (Sim) from hardware (Real); for the
hardware entries we additionally report several independent
training seeds / deployment runs to expose the run-to-run
spread of sim-to-real transfer.

Two trends emerge from Table VIII. First, in simulation
both architectures reach sub-centimeter position error in every
arm configuration; adding DR raises the simulation error only
marginally while enabling hardware transfer, the expected
robustness—accuracy trade-off. Second, the arm configuration
has a comparatively small effect on the learned controllers
relative to the sim-to-real gap, confirming that the policies
absorb the inertia change induced by the static arm pose
rather than overfitting to a particular one. On hardware, the
feed-forward PPO+DR policy transfers on par with or slightly
better than PPO-GRU+DR for this static navigation task,



TABLE VII: Reward terms used to train the learned control policies. Each block lists a task-specific reward, given as the
weighted sum of its rows. Block (c) collects the platform-regularization penalties added to the Point-to-Pose Navigation policy
(a); as noted per row, individual terms apply only to configurations that include the corresponding actuators (reaction wheel,
arms). The reaction-wheel Stabilization policy (b) actuates only the wheel and is therefore regularized by just the reaction-
wheel saturation and usage terms, which share the definitions and weights of the matching rows in (c). Distances d, denote
the absolute error between the current and target quantity; negative weights indicate penalties.

Term Expression Weight Scalar Description

(a) Point-to-Pose Navigation

Pose error Precise spatial convergence and alignment to target.
Linear Velocity Velocity regulation and movement encouragement.
Angular Velocity Control of rotational stability.

Boundary Safety constraint to stay within workspace.

(b) Reaction-Wheel Stabilization (Momentum Damping)

Angular-rate nulling
Reaction-wheel saturation
Reaction-wheel usage

Rewards driving the platform yaw rate w- to zero, i.c. dissipating the initial angular momentum.
Penalizes high internal wheel speed wn to keep the wheel from saturating and preserve control authority.
Penalizes the commanded wheel torque Ty to discourage unnecessary actuation.

(c) Platform Regularization (Navigation)

Joint acceleration

Penalizes summed squared joint accelerations for smoother motion. (all configs)

Thruster action rate rate Dop \{;, aj_4| Penalizes step-to-step change in thruster commands to reduce chattering. (all configs)

Thruster effort Vet 2 1 fil / Fmax ~ . fmax = 1.0 Penalizes total normalized thrust to reduce sustained actuation. (all configs)

Reaction-wheel saturation W2, 5 Penalizes high wheel speed to avoid saturation. (configs with reaction wheel)

Reaction-wheel usage [7ew| 7 5 Penalizes commanded wheel torque. (configs with reaction wheel)

Arm action rate >, 167 —67_,1 a A Penalizes step-to-step change in arm position targets to limit induced vibration. (all-actuators config)
Arm collision Yeol 1[Farm > Fipe “eol K Fipr = 0.1N Penalizes contact detected on the arm links. (all-actuators config)

TABLE VIII: Point-to-Pose Navigation - static-arm ablation. Final position error e, and heading error e, for the reduced-
actuator subsets, evaluated across the three static LEVION arm poses (Side, Rest, Closed) of Fig. 12. Each subset is ablated
over policy architecture (feed-forward PPO vs. recurrent PPO-GRU), domain randomization (DR), and deployment (Sim vs.
Real hardware). Entries are mean + std over evaluation episodes; lower is better.

Side Rest Closed
Method ep m] | e, [rad] | ep m] | €eo [rad] | ep [m] | eo [rad] |
(a) Thrusters and reaction wheel
PPO (Sim) 0.0021 (+0.001)  0.0038 (+0.004)  0.0031 (+0.003  0.0020 (+0.002) 0.0034 (+o0.002)  0.0018 (+o0.001)
PPO + DR (Sim) 0.0155 (+0.042)  0.0193 (+o0.015)  0.0204 (t0.062) 0.0406 (+0.051) 0.0154 (+0.036) 0.0122 (+0.012)
PPO + DR (Real) 0.0115 (+0.008)  0.0302 (+0.0009) 0.0246 (+0.016) 0.0313 (+0.014) 0.0406 (+0.023  0.0121 (+o0.007)
PPO-GRU (Sim) 0.0137 +o0.011)  0.0047 (+o0.004)  0.0220 (+0.022)  0.0047 (+0.004)  0.0045 (+0.006)  0.0040 (+0.003)
PPO-GRU + DR (Sim) 0.0083 (+0.000)  0.0081 (+0.009) 0.0097 (+0.010)  0.0069 (+0.006) 0.0145 (+o.011)  0.0067 (+0.007)
PPO-GRU + DR (Real)  0.0547 (+0.042)  0.0275 (+0.015  0.0482 (+0.027)  0.0279 (+0.0200  0.0679 (+o0.050)  0.0598 (+0.035
(b) Thrusters only
PPO (Sim) 0.0025 (+0.002) 0.0028 (+0.002) 0.0047 (+0.005) 0.0028 (+0.004) 0.0047 (+0.005) 0.0027 (+0.002)
PPO + DR (Sim) 0.0080 (+0.014)  0.0086 (+o0.007)  0.0189 (+o0.073  0.0104 (+0.017)  0.0124 (+0.045  0.0087 (+0.009)
PPO + DR (Real) 0.0087 (+o0.007m  0.0202 (+0.013  0.0176 (+0.0200  0.0160 (+0.006) 0.0348 (+to.013  0.0310 (+o0.041)
PPO-GRU (Sim) 0.0064 (+o0.011)  0.0024 (+0.003  0.0057 (+0.009)  0.0046 (+0.003  0.0099 (+0.011)  0.0055 (+0.004)
PPO-GRU + DR (Sim) 0.0069 (+0.0009)  0.0087 (+0.008) 0.0056 (+0.007)  0.0105 (+0.008)  0.0075 (+0.000)  0.0062 (+0.005)
PPO-GRU + DR (Real) 0.0241 (+o.016) 0.0335 (+o.016) 0.0745 (+0.040) 0.0219 (+0.003) 0.0527 (+0.019) 0.0414 (+0.036)

consistent with the recurrent policy being most valuable when
the disturbance is time-varying (Table VI) rather than fixed.

For the all-actuators and disturbance-rejection studies (Ta-
ble VI), the recurrent training-length sweep shows that the
longer 2000-epoch schedule yields the best-transferring all-
actuators policy (e, = 0.0081m on hardware). Under the
continuous CoM disturbance the recurrent policy clearly out-
performs the feed-forward one in simulation (e, = 0.0070
vs. 0.012m), and its best hardware seed attains the lowest
real-world position error (e, = 0.0889m), motivating the
recurrent policy for the dynamic task. The larger hardware
position errors in this task, relative to static navigation, reflect
the never-settling nature of the injected disturbance discussed
in Section IV.
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