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Abstract—With each space robotic mission, a team of specialists
on ground is usually required to support the robot throughout its
mission. When scaling from single robots to fleets of robots, this
will no longer be a viable way of conducting missions. Instead, in
order to operate more autonomously in complex scenarios and
adapt to dynamically changing environments without relying on
a team of human experts, robots must be able to create a mental
model of their surroundings. The relevance of this requirement
becomes especially salient in the Surface Avatar ISS-to-ground
telerobotic technology demonstration mission, where astronauts
onboard the International Space Station command a team of
heterogeneous robots in our lab. This work focuses on the final
Surface Avatar session with NASA astronaut Jonny Kim where
he was tasked with commanding the robots in a collaborative
manner in order to complete simulated science and exploration
tasks. To equip a complex robot such as DLR’s Rollin’ Justin
with the ability to collaborate and coordinate with other robots,
we deploy a combination of models and heuristics that allow
it to create a mental model of its environment including its
surrounding agents. Rollin’ Justin also shares the estimated
states generated in the mental model with the other robots.
In this paper, we describe the application of this concept to
our space experiment, present the models used to create the
mental model, and evaluate it based on data collected in the final
Surface Avatar experiment.
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Figure 1: Ground segment setup for the final Surface Avatar
experiment. The setup consists of (1) Rollin’ Justin, (2) Spot,
(3) BERT, (4) Interact, (5) a handover station, (6) a robotized
lander, and (7) multiple boulders separating the area.

1. INTRODUCTION

When humanity will launch large numbers of robots to re-
mote celestial bodies such as Moon, Mars, or beyond, the
robots are going to be, at least initially, there on their own.
While we expect that humans will command and supervise
these robotic assets remotely, constant intervention is im-
practical first due to the need for one-on-one operator-robot
mapping and second because of significant communication
delays ranging from seconds to minutes. Due to the limited
communication capabilities with human experts, the robots
are required to independently make decisions on their course
of action based on environmental states. Therefore, the ability
for robots to understand their environment is a fundamental
requirement to act autonomously.

In the Surface Avatar International Space Station (ISS)-to-
ground technology demonstration mission German Aerospace
Center (DLR) and European Space Agency (ESA) partner to
research how astronauts can efficiently teleoperate a hetero-
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geneous team of robots on a remote celestial body [1]. In or-
der to increase the efficiency of teleoperation in this scenario,
the astronauts are able to command high-level actions to the
robots which the robots execute autonomously. To reduce the
risk of overwhelming the astronaut with irrelevant command
options, the robots filter commands based on whether they
are possible in the current context [2]. Thus, in order to
act autonomously and to support the astronaut in selecting
meaningful commands, robots must be aware of the state of
their environment.

While there might not be any humans present in proximity of
the robots, the robots may share their environment with other
robotic agents. To be situationally aware, robots must under-
stand other active agents in the environments, their actions,
and the resulting changes they induce in the environment.
It is postulated that humans interpret their environment and
predict its evolution through the use of mental models [3].
Mental models are simplified models of entities or processes
in the environment used by humans to predict the behavior
and evolution of their environment.

In the field of robotics, it is common practice to use simula-
tions to predict the evolution of the world the robot acts in.
While simulations are not usually labeled as such, they can
still be seen as mental models [4,5]. However, the drawbacks
of typical simulations, such as physics simulations, become
apparent with increasing complexity of the environment or
variety of tasks to be simulated. With increasing size or
complexity of the environment, simulation becomes compu-
tationally more and more expensive. At a certain level of
complexity it gets infeasible to simulate the whole environ-
ment in high fidelity, especially considering the limitations of
space hardware and limited power budgets of space robots.
Furthermore, simulations are often fine tuned to certain types
of interactions to simulate. A typical observation in this
process is that by fine tuning a simulation for a certain type
of interaction, its accuracy in other interactions drops, which
is consistent with the infamous no free lunch theorem [6].
Beyond the cannibalistic effects of fine tuning of simulations,
there is the fundamental problem that different types of
simulations exist, that cover different domains, such as rigid
body simulations, soft body simulations, fluid simulations,
behavioral simulations, etc.

To tackle these issues, we introduced the Multi-Agent Hetero-
geneous Digital Twin (MAHDT) framework [7], that com-
bines heterogeneous executable models, such as simulations,
into a meta simulation framework. While each simulation —
or model — represents a mental model, the resulting meta-
model serves as a digital twin of the robot and its envi-
ronment. Within this concept, heterogeneous simulations
simulate distinct subsets of the environment. In this frame-
work, the mapping between simulations and the environment
subsets can change dynamically based on the context of the
environment. The underlying assumption is that complex
“intelligent” behavior can emerge from a combination of —
potentially simple — models.

In this work, we describe an implementation of the MAHDT
framework for a space scenario. In concrete terms, we show
how we apply the concept of combining simple heuristics into
a multi-agent heterogeneous digital twin to the final DLR-
ESA Surface Avatar telerobotic technology demonstration
mission in which astronauts on the ISS command a hetero-
geneous team of robots in our Mars analog environment at
DLR in Oberpfaffenhofen, depicted in Fig. 1. The experiment
session consists of multiple protocols in which the astronaut

have to fulfill different goals through commanding the robotic
team. This work focuses on the sample container retrieval
protocol in which the astronaut has to command Rollin’
Justin and Spot to jointly retrieve and stow away sample
containers. Thus, the MAHDT covers both agents, Rollin’
Justin and Spot. However, as the MAHDT represent the
mental model from Rollin’ Justin’s perspective it runs as
a single instance on Justin. As Rollin’ Justin and Spot
collaborate, Justin makes use of the framework to reason
about its environment and communicates the inferred states
to Spot. The contributions of our paper are the demonstration
of a successful application of the MAHDT framework in a
space robotics experiment, the description of the models used
in our experiment to allow coordination between the robots,
and an analysis of the resulting system in a space experiment.
Through our work, we aim to showcase the feasibility and
effectiveness of the framework in addressing the problem of
building the mental model of another agent and making use
of the information to enable informed decision making for
robots.

In the remainder of this work we first introduce related work
in Section 2 before describing the experimental scenario in
Section 3 followed by the implementation of the models for
the MAHDT in Section 4. Next, we present the results of our
system in Section 5 and discuss them in Section 6. The paper
concludes with outlook and conclusion in Section 7.

2. RELATED WORK

Autonomous robots must continuously determine what to do.
Common approaches to enable robots to select their course of
action include reinforcement learning [8], behavior trees [9],
vision-language-action models [10, 11], state machines/state
flows, and planning-based approaches [12]. Due to the re-
quirement of deterministic and predictable behavior in space
scenarios in combination with the flexibility of planners, we
believe that service robots for future space missions will
employ the latter approach.

However, planning purely on a geometric level does not
scale well for longer tasks due to the continuous and high-
dimensional configuration spaces of robots, that serve as
search spaces for solutions. A common approach to reduce
the search space is by combining geometric planning in
configuration space with task-level planning in a discrete
symbolic state. The combination of task-level planning
and geometric planning is called integrated Task-and-Motion
Planning (TAMP) [13, 14] or hybrid planning. An example
for using integrated TAMP in space experiments is presented
in [15] where a TAMP approach based on Action Tem-
plates [16, 17] is employed.

The speed up of hybrid planning is based on a symbolic
representation of the world state and comes at the cost of
having to provide an accurate symbolic state for the planner.
While some systems rely mostly on visual data to update
the belief state of the robot like RoboSherlock [18], it is
beneficial to create dynamically evolving world states to be
able to estimate the state of objects outside the current field
of view of the cameras and to predict their change over time.

The MAHDT framework [7] employs multiple heterogeneous
models to create a combined model of the robot’s envi-
ronment. The rational behind this concept stems from the
observation that simulations, that are often used to model
the interaction between robots and their environment, are



usually tuned to specific interactions and to modeling certain
phenomenons, such as for example rigid body simulations
versus soft body simulations versus fluid simulations. The
authors propose to combine models in a meta-model, called
the Multi-Agent Heterogeneous Digital Twin, that serves as
a mental model that the robot creates of its environment.
The MAHDT framework is employed to create standardized
interfaces between heterogeneous models (such as e.g. physic
simulations, state machines, surrogate models, etc.) and
orchestrates them to create a combined representation of the
environment. A key aspect of the MAHDT approach is that
the responsibility of simulating an aspect of the environment
can change dynamically based on the context. For example
the position of a ball being grasped by a robot and dropped
into a bowl of water would first be simulated by a general
physics simulation. When being grasped by the robot the
responsibility could be transferred to a simulation that is
specialized to simulate the multi-contact grasp by the robot
hand. As the robot opens the hand and drops the ball,
the ball’s position is simulated again by a general physics
simulation until it gets in contact with the water, when the
responsibility is transferred to a fluid simulation.

In this regard, the MAHDT is similar to the concept of
federate simulations which are e.g. used in NASA’s Artemis
program [19] or the integration of Systems Modeling Lan-
guage models into an executable meta model [20,21]. The
main difference between these approaches and the MAHDT
lies in the dynamic responsibility transfer. This makes the
MAHDT suited for dynamically changing scenarios such as
those faced by service robots in space.

Mental models are a concept from psychology [3] that are
(simplified) models of entities or processes in a person’s
environment. Mental models serve as an abstraction of the
real world by representing selected concepts and relationships
between them [22]. There has been the suggestion to use
mental models or mental simulations as a tool for reasoning
and scene understanding in robotics [4, 5]. Generally, these
concepts employ physical simulations to reason about the
mechanical properties of an assembly [4] or the stability of
a stack of objects [5]. In the MAHDT all mental models are
runnable, meaning that they can be executed and they update
their state based on the inputs they receive. In turn, they can
produce output that is utilized by other models.

3. EXPERIMENTAL SCENARIO

The presented work was developed in the context of the
final Surface Avatar [1] ISS-to-Earth telerobotic experiment
session, as a means to enable cooperation between two het-
erogeneous robots in one of the experiment protocols. In
this section we will provide an overview of the final Surface
Avatar experiment session with focus on the protocol that is
linked to this work.

Overall Scenario

In Surface Avatar we investigate how astronauts in orbit
can efficiently command a heterogeneous team of robots on
the surface of a celestial body. The topics in focus of the
mission range from user interaction [23], telepresence in
time-delay conditions [24], handling of failures [25, 26], to
robot autonomy [27]. The setup consists of two sites: the
remote site on the ISS containing an astronaut in front of the
Robot Command Terminal (RCT) and the experiment site on
ground with the robots in an analog Mars scenario [1].

Figure 2: Space segment containing the remote teleoperation
station with the Robot Command Terminal (RCT). The image
shows NASA astronaut Jonny Kim in the final Surface Avatar
session aboard the ISS in front of (1) the Surface Avatar GUI
running on a computer, (2) a joystick, and (3) a sigma.7 haptic
input device. Image Credit: ESA/NASA

The remote teleoperation station is shown in Fig. 2 and
consists of a laptop, a 7-Degrees-of-Freedom (DoF) haptic
input device (sigma.7?), and a 3 DoF joystick with 7 buttons.
These devices are used to command the robotic team either
by issuing high-level commands in supervised autonomy via
the Graphical User Interface (GUI) on the laptop, or by
teleoperating the robots via the sigma.7 or the joystick. While
the sigma.7 is used to teleoperate the robotic arms with force
feedback, the joystick is used to move the cameras of the
robots or drive the robots through the environment. When
opting to use supervised autonomy, the astronauts select a
command from the graphical user interface, parameterize it
if necessary, and send it to the robot. The robot then executes
the command autonomously [23].

Fig. 1 shows the simulated Martian habitat on Earth with
multiple robots and environmental assets. The robotic team
in our experiment consists of DLR’s humanoid robot Rollin’
Justin [28], ESA’s Interact rover [29], DLR’s quadruped
Bert [30], and an ESA customized Boston Dynamics Spot3
robot with an arm. Further assets in the environment are
a lander mockup and a watchtower that provide additional
camera views on the scene, multiple rocks dividing the scene
essentially in two parts, a handover station in the intersection
of the two parts of the scene, a cave in one of the rocks, and
multiple sample containers distributed in the area shared by
Spot, Interact, and Bert. Due to the partition of the scene
with big boulders, the robots are required to use the handover
station to transfer objects between the areas.

Sample Container Retrieval Protocol

While experimental sessions of the Surface Avatar mission
consist of multiple protocols with tasks that the astronauts
have to achieve through commanding their robotic team, this
work focuses on the methodology that supports autonomous
behavior in the sample container retrieval scenario of the final
Surface Avatar session with NASA astronaut Jonny Kim in
July 2025. In this scenario the astronaut was tasked to pick

2nttps://www.forcedimension.com/products/sigma  last
accessed 03.10.2025

Shttps://bostondynamics.com/products/spot / last accessed
03.10.2025
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up sample containers and stow them on the tray of the lander.
As the sample containers were distributed in the area shared
by Spot, Interact, and Bert and the lander was in the area
occupied by Justin, the astronaut had to pick up the sample
container with Spot or Interact, place them in the handover
station, pick them up with Justin from the handover station,
and finally place them with Justin on the tray of the lander.
Initially the handover station was covered with a lid that had
to be removed.

To achieve their goal, the astronauts have the option to use
pure supervised autonomy or a combination of supervised
autonomy and direct teleoperation. Initially, Spot offers
a command to remove the lid from the handover station
autonomously. Furthermore, Spot provides an autonomous
action of searching multiple sample containers, picking them
up, and placing them in the handover station, one after the
other. This action is, from the astronauts’ perspective, an
atomic action, meaning that once the astronauts command
it, it is executed autonomously by Spot without any need for
interaction. After having placed a container in the handover
station, Spot goes back to its charging station and waits for
the handover station to be empty to continue the sequence. In
an optimal case, the astronaut only has to initiate this action
once and then Spot executes it continuously and repeatedly.
Intervention of the astronaut becomes necessary if Spot does
not find a sample container autonomously. If that happens,
the astronaut is able to take over control and use the joystick
to move Spot to the vicinity of a sample container. The
astronaut can then instruct Spot to resume the autonomous
sequence of searching and picking up sample containers,
allowing it to operate autonomously again.

Once a sample container is in the handover station, Justin can
be commanded to navigate to the handover station, pick up
the sample container, navigate to the lander, and finally place
the sample container on the lander tray. Theoretically, all of
Justin’s actions can also be executed in direct teleoperation,
however, execution in direct teleoperation usually requires
more time than executing autonomous actions [25] and is
limited as only the right arm of the robot can be teleoperated.
Furthermore, the time delay of ~800 ms between operator
and robot and the limited 3D perception on the computer

screen render teleoperation difficult.

Challenges of the Experiment Protocol with Respect to Robot
Cooperation

Rollin’ Justin’s hybrid TAMP approach [16] requires a
correct symbolic representation of the environment states
to plan actions. One of these states in Planning Do-
main Definition Language (PDDL) syntax [31] is in
sample_container handover_station which de-
scribes that an object of type sample_container isin an
object of type handover_station. These states are con-
nected to objects in the robot’s world representation which
in turn are connected to object poses. This combined infor-
mation allows the robot to plan actions both on a symbolic
(chaining multiple actions and selecting parameters) and a
geometric level (finding feasible trajectories while avoiding
obstacles). Once Spot places a sample container in the
handover station, Rollin’ Justin must update its world state
accordingly.

Furthermore, the aforementioned experiment protocol re-
quires communication between the robots involved in order
to keep a safe distance between the robots and to coordinate
their actions. The focus of this work lies on interactions
between Rollin’ Justin and Spot. Core information to be
communicated between the robots include whether the han-
dover station is safe to approach and whether it contains a
sample container. The handover station is considered to be
safe to approach, if no other agent is in its vicinity. This
information is necessary as only one robot is allowed to be
in the proximity of the handover station in order to avoid
collisions, especially when using multiple robots in parallel.
Additionally, the experiment was set up so that no more than
one sample container was supposed to be in the handover
station at any given time. Therefore Spot needs to know
whether a sample container is in the handover station to avoid
placing multiple ones in it.

One of the challenges in multi-robot collaboration in our ex-
periment is therefore the detection of state changes concern-
ing the handover station (being available and empty/filled)
and the communication of these changes between robots.
In the following we will present how we solved this by



making use of the MAHDT framework and implementing the
necessary models for our scenario.

4. SETUP OF THE MULTI-AGENT
HETEROGENEOUS DIGITAL TWIN

The idea behind the MAHDT framework is to combine
multiple models into a bigger meta simulation. The concept
of a model in this framework is defined as the representation
of at least one property of at least one entity, like a physical
object or a virtual concept, in the world [7]. A model
can also represent multiple properties of multiple entities
simultaneously. This section describes the models that were
used in our experiment to infer whether the handover station
was safe to approach and whether it was filled with a sample
container.

While models can be as complex as for example a fluid
simulation to infer whether a fluid spills from a container
carried by the robot, the guiding principle for the develop-
ment of models is to keep them as simple as possible and as
complex as necessary to save on computational resources in
resource scarce scenarios. Following this principle allows to
1) demonstrate that combinations of simple models can lead to
“intelligent” behavior, ii) be able to run all computations on
a limited power budget onboard the robot, iii) allow for easy
extensibility and maintainability of the models. An example
of more complex models is provided in [7].

Models

Our setup contains a model that receives object poses, pub-
lished by our middleware Links and Nodes (LN) [32], and
makes them available for the framework. Another model
uses these poses to compute Axis Aligned Bounding Boxes
(AABBs) [33] for the objects in the scene. Based on this
information a third model computes collisions between the
AABBs which represent objects/robots being in close vicin-
ity. Given these general models, two additional models are
used to infer whether the handover station is available for
approach and whether it is filled. In the following we describe
these models in detail before describing the resulting meta-
model that is also visualized in Fig. 3.

Poses Model—The Poses Model is responsible for modeling
the pose of objects in the world and providing this data
to other models in the framework. It subscribes to data
published by the robots about their current location and the
location of other environmental assets. As we focus on the
interaction between Rollin’ Justin, Spot, and the handover
station, the poses of these three assets are handled by the
model. Despite its simplicity, we consider this to be a
model as it represents the poses of entities in the world and
“predicts” the next pose by updating the information from the
topic.

AABB Model—Based on the output of the Poses Model,
the AABB Model computes AABBs of Rollin’ Justin, Spot,
and the handover station. The model is configured with
low-polygonal convex hulls of the objects and uses them
to compute the AABBs. As we are interested in knowing
when the robots are in proximity of the handover station, we
bloat the convex hulls such that they overlap when the robots
interact with the handover station.

Collision Model— This model consumes the AABBs and
checks for collisions between the different entities. It uses the
AABB collision algorithm [33] to detect overlaps between the

Figure 4: Depiction of the state machine to model whether
the handover station is covered by a lid (lid on) a sample
container is in the handover station (full) or not (empty). Tran-
sitions between states happen through interactions between
Spot and the handover station (S) or Rollin’ Justin and the
handover station (R/J). Initially the state machine starts in the
lid on state.

AABBs and provides them for the framework.

Handover Station Approachable Model— While the previ-
ously described models are rather general, the Handover
Station Approachable Model is specific to this experiment.
It consumes the collision information between the han-
dover station and each of the robots to provide a custom
approachable state for the handover station. This state
is exposed to the robots who utilize it to determine whether it
is safe to approach the handover station or not. The goal of
this module is to prevent possible damage to the robots due
to collisions with each other by marking the handover station
as not approachable when arobot is in its vicinity.

Handover Station Empty Model—This is another experiment-
specific model that is tuned to the experiment protocol to infer
whether the handover station contains a sample container or
whether it is empty. The model is set up as a state machine
consisting of three states (see Fig. 4). The first state represents
the handover station being covered by a lid which is the
initial state of the experiment. The second and third state
represent the handover station being empty or filled with a
sample container respectively. The transitions of the state
machine are depicted in Fig. 4 and are based on a heuristic
of interactions between the robots and the handover station.
This representation is inspired by how we imagine a human
to reason about such a situation. We assume that a human
who is tasked to take out the sample container from the
handover station whenever a colleague has placed one would
check the handover station once they see their colleague
interacting with it. While a human might have a more detailed
model of an interaction, e.g. observing the motions of their
colleague to identify whether they place a sample container
in the handover station, our model is only able to distinguish
between by-passing and a longer interaction.

The transitions of the state machine are defined as follows:
State lid on transitions to state empty when Spot interacts with
the handover station for the first time. State empty transitions
to state filled when Spot interacts with the handover station
(again) and state filled transitions to state empty when Justin
interacts with the handover station. This is a strongly simpli-
fied heuristic based on the a priori knowledge of the mission
of the robots. The model registers an interaction of a robot
with the handover station when the robot leaves collision with
the handover station after having been in collision with it for
a time t.,; greater than a predefined threshold ¢..;; > tih-
The thresholds are provided as a configuration to the model.



Figure 5: Images taken during the final Surface Avatar experiment session. (a) shows Spot removing the lid from the handover
station, (b) shows Spot picking up a sample container, and (c) shows Spot placing the sample container in the handover station.
In the second row, (d) shows Justin picking up the sample container from the handover station and (e) placing it on the tray of
the lander. (f) shows Interact being teleoperated to place the sample container in the handover station.

In order to influence the behavior of the robots, this model
provides its information to the robots in two different ways.
On the one hand, the model publishes the current state of
the handover station as a boolean variable in a topic of the
middleware of choice. In our setup, the intra-robot com-
munication is realized via Data Distribution Service (DDS)*
topics. This information is used by Spot to determine whether
to go searching for a new sample container (if the handover
station is empty) or stay in the charging station to charge
(when the handover station is filled). While charging, Spot
subscribes to the DDS topic and waits until it is being notified
that the state of the handover station changes to empty. Once
it receives this notification, Spot goes searching for another
sample container without any interaction required from the
astronaut.

On the other hand, as the MAHDT serves as a mental model
for Rollin’ Justin, it is connected to Justin’s world state
representation and is able to change the robot’s current belief
state. Therefore it spawns a sample container inside the
handover station when the handover station changes the state
from empty to full. At this step, the pose of the sample
container is only known approximately as it is known that it
is in the handover station but not, where exactly and whether
it is tilted. Thus, the model sets the state localized of
the sample container to false. As a result, the robot is
aware that a sample container is in the handover station but
requires more precise localization in order to interact with
it, e.g. in order to pick it up. It is necessary to manipulate
the world state of Rollin’ Justin in this manner, as the state
change is induced by an external agent, here Spot. When the
world state changes due to actions of Rollin’ Justin it does
not need to be adapted as Rollin’ Justin is able to keep track
of changes to the world state induced through its own actions.
After a change of the world state, Rollin’ Justin updates the

dhttps://www.omg.org/spec/DDS/, last accessed 03.10.2025

list of actions that are advertised to the astronaut as described
in [27].

Because this model is used in a space experiment we can
not afford a failure. Thus, we do not use learned models in
this scenario as we require a deterministic behavior of the
model. Furthermore, it is necessary that the operators are
able to overwrite the inferred state manually. Therefore, the
model exposes two services that can be triggered externally,
enforcing the model to either switch to the empty or full state.

Resulting Meta Model

Justin’s mental model continuously estimates the state of
the handover station based on the status published by Spot
and data from Justin’s sensors. The meta-model resulting
from the connection of the models presented above can be
visualized as a network of models connected by data and
is visualized in Fig. 3. It requires information about the
frames of objects in the world as well as configurations for
the AABB model and the Handover Station Empty model.
The information provided by the meta-model is whether the
handover station is safe to approach and whether it is filled.
In addition, the model sets the correct world state when the
handover station changes from empty to filled and exposes
remote procedure hooks for forcing the Handover Station
Empty model to take on either the empty or full state.

5. RESULTS

The data in this section is taken from the final experiment
of the Surface Avatar mission. During the ISS-to-ground
experiment the protocol was split up in two parts. First the
astronaut had to remove the lid from the handover station
(Fig. 5a) and collect and stow away two sample containers
(Fig. 5b - Fig. 5e). Then the protocol was interrupted to task
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Figure 6: Results from the experiment. (a) shows the result from the collision model indicating whether a collision is estimated
between the handover station and Justin (blue) and Spot (red). (b) depicts the output of the Handover Station Approachable
model, indicating whether the handover station is available for a robot to navigate there or whether it is already occupied by
another robot. (c) shows the state of the state machine used in the Handover Station Empty model. All plots are cut between
23:30min and 66:40min because the astronaut performed a different protocol during that time. The yellow area indicates when
a manual call was issued to set the state of the handover station to full.

the astronaut with another protocol, before he was tasked to
collect and stow two more sample containers. The MAHDT
meta-model consisting of the models described in section 4
was running continuously throughout all protocols of the
session.

The states estimated by the framework are depicted in Fig. 6.
It shows the inferred states of the Collision model and
the Handover Station Approachable model. Furthermore,
it shows the active state of the state machine used in the
Handover Station Empty model.

It can be seen that the state of the Handover Station Empty
model changes on falling edges of the Collision model, which
is because of how the model is implemented. Furthermore, it
is visible, that at time 102:41.1 min the state of the Handover
Station changes from empty to full without any change in the
Collision model. At this moment, the ground operators of
Rollin’ Justin triggered a remote procedure call to the force
handover station full service. This happened when
Spot was unable to retrieve the next sample container that was
close to Interact. Thus, the astronaut decided to teleoperate
the arm of Interact to pick up the sample container and
place it in the handover station (see Fig. 5f). As this was
unforeseen and the MAHDT meta-model was not prepared
for this situation, the ground operators took the initiative to
set the correct state.

At t ~ 150min, Fig. 6a shows multiple short collisions

with both Spot and Justin. While the handover station is
marked as not-available during these collisions, the state of
the Handover Station Empty model does not change. As
the initial collision with Spot is too short, the model does
not consider it an interaction. Afterwards, even though the
handover station gets occupied by Justin for longer times, the
state of the Handover Station Empty model does not change,
as it is already empty and an interaction with Justin can only
transition it from full to empty (see fig. 4).

The MAHDT was running with a configurable rate of 10 Hz
during the experiment onboard the application PC of Rollin’
Justin. While a key feature of the framework is that the single
models can run at individual rates independently from the rate
of the MAHDT, in this setup all models share a rate of 10 Hz.
On average it used ~1.2% of one CPU core on an Intel®
Core™ i7-7820EQ.

6. DISCUSSION

The data collected during the experiment shows that the
digital twin framework worked as desired. Overall, the
models were able to generate the expected outputs. Even the
short collisions between the handover station and the robots
at t ~150:00 min were classified correctly as being too short
for an interaction. During that instance, the robots passed
by the handover station multiple times without interacting
with it. This supports the claim, that a combination of very



simple models and heuristics can be used to enable a robot
to reason about its environment. The combination served as
a mental model that Rollin’ Justin constructed of itself, the
environment, and other agents. The reasoning capabilities
are, however, clearly restricted to the properties of the en-
vironment that are governed by the models. As such, models
always represent the perspective of the developer that created
the model and encode their understanding of the phenomenon
that is modeled.

This became visible in our experiment when the astronaut
selected an alternative strategy to overcome Interact blocking
Spot’s access to a sample container. Contrary to the devel-
opers’ expectation, the astronaut chose to pick the sample
container with Interact instead of relocating Interact and
using Spot. This was unforeseen, as picking up the sample
container in direct teleoperation with Interact is more time-
consuming and labor-intensive than issuing an autonomous
pick-up command to Spot. As a result, the meta-model was
not equipped to handle this situation and would have needed
an additional model for the interactions between Interact and
the handover station. Even though it would have been little
effort to add another model for Interact, this was omitted
during preparation of the experiment as the designers did not
anticipate this usage of Interact. This is an example for the
aforementioned restriction of the mental models to the per-
spective of the developer. In a real space scenario we would
expect most assets in the environment to contain sensors.
Similarly to how the Poses Model makes position information
available, sensors can be included in the framework to make
their readings available for other models.

While it might be argued that our models are over-simplifying
their underlying phenomenon, we are convinced that every
model is a simplification of a real existing phenomenon.
Therefore the question should not be how accurate a model
is but whether it is accurate enough to be useful in a given
scenario. George EP Box phrased this as “Essentially, all
models are wrong, but some are useful.” [34]. The MAHDT
framework employed in this work allows for mixing complex
and simple models. In this context, and generally in space
scenarios, we opt for simple models to allow the ground
operators to understand the state of the models and monitor
them, if necessary. Nevertheless, we acknowledge that in
space missions more sophisticated models will be required
which will potentially be learned by the robot and included
in the MAHDT framework. In this context, our work serves
as an initial proof-of-concept for the applicability of our
approach in the space domain.

In our experiment, the models were configured via hand-
written configuration files. While this approach was sufficient
for the scope of the experiment, the manual effort and com-
plexity may grow rapidly with bigger scopes of properties to
model. Consequently, we believe that it would be beneficial
to learn the parameters of the system in a data-driven manner.

While Rollin’ Justin and Spot were cooperating in this exper-
iment, the framework is also suited for uncooperative agents
as, from Rollin’ Justin’s perspective, it is sufficient to observe
the other agent. If the robots were even more cooperative,
they could also share a channel to announce their status and
their next actions. This information could enrich their mental
model of the respective other, taking the intentions of another
into account in their decision making process.

7. CONCLUSION AND OUTLOOK

In this work we presented how we used the MAHDT frame-
work in an ISS-to-ground technology demonstration mission
to generate a mental model for the robot Rollin’ Justin that
includes modeling another agent. We showed, that an imple-
mentation of simple heuristics, including a behavioral model
of another agent, enables a robot to reason about state changes
in its environment that are induced by another agent and thus
supports autonomy and teleoperation of the robot. To do so,
the robot creates a mental model of the environment and other
agents, consisting of a combinations of multiple models.

The implementation enabled Rollin’ Justin to estimate
whether a shared handover area was safe to visit and whether
it contained a sample container to pick up. Rollin’ Justin
shared this information with other robots in the environment.
This allowed Spot to know when the handover station was
empty and when it could start to search for a new sample
container to place it in the handover station. Being able to
generate this mental model of the scenario and acting based
on it, the robots supported the commanding astronaut who
previously had to generate a mental model of the remote
scene and keep it up to date to successfully fulfill his task.
The astronaut was, consequently, freed from reasoning about
e.g. whether it was safe to command Justin to the handover
station while Spot was in its vicinity as Justin ensured, based
on the state of the mental models, to offer solely safe actions
to the astronaut.

During the experiments, the ground operators supervised
the state of the mental models and triggered a state change
when they deviated from the state as observed by the ground
operators. Due to the short time available for training the
astronaut on our experiment, we decided against shifting the
responsibility for supervising the state of the models to the
astronaut. However, in future missions this shift would be
required to enable the astronaut to make the best use of the
robot.

In future work we aim to investigate how robots are able to
generate models of their environment on their own. In terms
of user interface implementations for space (tele)robotic mis-
sions it is important to communicate the models and their
state to the user and allow the user to influence both. Under-
standing how this can be achieved in a general manner will
be of future interest as well.

We will, furthermore, continue testing this approach in more
complex scenarios to investigate the potential and the limits
for scaling it.
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