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To support sustainable infrastructure on the Moon, NASA needs to leverage lunar resources
for in-situ processing and construction. NASA’s Regolith Advanced Surface Systems Opera-
tions Robot (RASSOR) is principally designed to mine and deliver regolith for these tasks. To
reliably perform these operations on the lunar surface, RASSOR’s sensors and control systems
need to be robust and maximize information extracted from a reduced sensor payload. Herein,
we present our findings from the Intelligent Capabilities Enhanced RASSOR project. We
created reduced-order simulation environments in which we applied reinforcement learning
algorithms to learn autonomous trenching controllers and produced state estimation architec-
tures. We developed two simulations: a 2D excavation simulation used to facilitate parameter
selection, and a 3D simulation developed using a game physics engine to simulate simplified
soil interactions and incorporate robotic agents parameterized by dynamic models. Within
these simulations, we learned autonomous excavation routines that exceed excavation efficiency
measures as compared against RASSOR’s existing control and teleoperation-based methods.

I. Introduction

The affordable establishment of a sustainable human presence on the lunar surface necessitates means of extracting,
processing, manufacturing, and constructing using resources available in-situ. In-Situ Resource Utilization (ISRU) is the
practice of making use of local resources to create useful products [1]. The lunar surface contains several vital minerals
which can be used to address the needs of a sustainable habitat, including: mining water [2]], extracting oxygen for use
as a rocket propellant and for sustaining a breathable habitat [3]], and leveraging the physical properties of lunar regolith
for manufacturing and construction activities [4]. Several technologies have been proposed for construction within the
concept of operations of a lunar habitat, such as landing pads, berms [3} 6], trenches [7]], additive manufacturing using
regolith [8,|9], and radiation shields among other structures.

A key engineering challenge within ISRU systems is the excavation and transport of regolith. Low gravity
environments such as the Moon lack the tractive force that excavators on Earth use to extract material without slipping
or tipping. Additionally, the high cost of delivering payloads to the Moon renders low mass and low excavation force
capabilities essential aspects of the design of space excavation systems [10].

Over the last several years, various excavation platforms have been proposed [10]. The Swamp Works rapid
development laboratory at NASA’s Kennedy Space Center developed the Regolith Advanced Surface Systems Operations
Robot (RASSOR) [7] to address these needs. RASSOR is designed to mine and deliver regolith in low gravity
environments. It has two sets of counter-rotating drums, enabling it to maintain the reaction force necessary to excavate
effectively. Some ISRU mission models [7, [11]] estimate that to fulfill mission design criteria for a habitat, excavators
will need to operate near continuously to sustain ISRU processing plants. Consequently, manual control of excavators
becomes impractical. Other issues such as communications delay from Earth-based control [[12] and limited astronaut
time on the surface [13]] further highlight the need for excavators that are not only physically robust to the environment
but also capable of operating autonomously.

In this paper, we present results from the Intelligent Capabilities Enhanced RASSOR (ICE-RASSOR) project to
address challenges of autonomous lunar excavator control in simulation. We use reinforcement learning algorithms to
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learn excavation strategies by abstractly rewarding a simulated robot for achieving desirable excavation behavior and
penalizing it otherwise. We benchmark these learning methods against controllers implemented analogously to routines
available on the physical platform. We developed our simulations to be fast to decrease learning time and facilitate the
prototyping of embedded sensor capabilities.

Our first simulation was modeled in two dimensions to facilitate sensor and learning parameter selection. The
second simulation was developed using a 3D game physics engine to approximate wheel-soil interaction and increase
the fidelity of the dynamic models of the robots within. The development of the 3D simulation has enabled the training
of additional sensing capabilities and research both at mechanics and operations levels. We experimented with various
virtual sensor payloads to identify a configuration that equipped RASSOR with the perception means to efficiently learn
to excavate.

The rest of the paper is structured as follows: in Section [[I| we describe RASSOR 2.0 in more detail, machine
learning preliminaries, and existing simulation tools. In Section [l we provide an overview of our 2D simulation and
reinforcement learning results within it. In Section[IV] we explain how our 3D simulation works and its modeling effort.
Section[V]builds upon Section[[V]by describing how the environment is configured for learning and the reward scheme.
Next, in Section[VI] we present the results of our deep reinforcement learning agent and compare its performance against
semi-automated and teleoperated means of control. Finally, in Section [VII, we summarize our findings and discuss
avenues of future work.

I1. Related Work

A.RASSOR 2.0

1. Robot Design

RASSOR 2.0 (referred to simply as RASSOR) is a TRL 4 (Component/subsystem validation in laboratory environment)
lightweight planetary excavation robot. It weighs 66 kg and has an 80 kg regolith payload capacity. It is designed
to perform deep regolith excavation and slot trenching in low gravity environments. The symmetric counter-rotating
bucket drum design enables RASSOR to manipulate regolith efficiently. RASSOR is equipped with four wheels and
two arms, each supporting a set of two bucket drums which are used to excavate the terrain. The drums protrude the
wheels enabling RASSOR to dig trenches and then drive into them [14].

In contrast to scientific exploration rovers that are designed for shorter mission durations, excavators such as
RASSOR need to be able to continuously operate in adverse conditions and handle abrasive materials for extended
periods of time. As such, RASSOR’s drums can be used as a contingency mobility system to get the robot unstuck
[7]. RASSOR also has the ability to use the combination of its arms and drums to right itself and use contingency
formations to traverse steep terrain and deposit regolith, such as in *Z’ formations, and use the weight of the loaded
drums to shift the center of gravity. It can increase its traction with loose soil by lowering the arms such that the weight
of the robot is distributed between the eight drums and wheels contacting the surface.

Stereo Vision Cameras

Fig.1 Rendering of RASSOR 2.0 highlighting sensors and their placement.

RASSOR possesses a limited set of on-board sensors. Each actuator contains an encoder and torque sensor. The
robot also contains stereo vision cameras mounted to the end of each of the arms, hazard cameras, and an inertial
measurement unit (IMU). As part of this work, we explored the inclusion of additional sensors such as time-of-flight



measurements in simulation. This is described further in Section [[V.D!

2. Auto Dig Routine

During trenching operation, RASSOR 2.0 employs a semi-autonomous digging routine called auto dig. Auto dig is
a proportional-integral-derivative (PID)-based controller conceived to perform linear trench excavation. The controller
tracks a drum motor current setpoint which is selected (and updated) by the robot operator throughout the execution
of the routine. As the drum motor current draw increases with ingestion of regolith, the robot operator can increase
(or decrease) the setpoint to maintain consistent engagement with the soil. The robot’s wheels and drums are set to a
constant velocity. In practice, the controller’s D term is not used.

The process variable is the motor drum current (in amperes). We measure the error between the setpoint and the
drum current as an average for the combined front (front left and front right) and combined rear (rear left and rear right)
sets of drums, independently. The controller effectors are the arms of the robot. We employ separate PID loops for each
arm and each error term is encompassed by a deadband.

The starting setpoint will force RASSOR to lower the arms until it engages with the soil. The engagement with the
surface corresponds to increased drum current draw. If the setpoint current target is set too high, the arms may push too
hard into the surface and attempt to dig too deep. Consequently, as the soil is ingested and drum current exceeds the
setpoint, the arms will be forced up until the setpoint is increased or regolith expelled.

Fig. 2 RASSOR 2.0 performing dig routine while attached to the gravity off-loader in the regolith bin at
Kennedy Space Center.

We devised an analogous version of auto dig in our 3D simulation to compare the results of our learner. These
results are presented in section[VLB] In our simulated auto dig, we used a PD controller to achieve excavation behavior
similar to operation in the physical environment.

B. Reinforcement Learning

In recent years, advancements in computing have enabled the widespread application and success of machine
learning. Machine learning is a data-driven artificial intelligence methodology and is generally divided into three
categories: supervised, unsupervised (or self-supervised), and reinforcement learning [15]. Supervised machine
learning algorithms rely on defined (labeled) datasets consisting of known input and output relationships. This enables
supervised algorithms to learn to approximate functions using some quantity of the data during a training procedure.
Unsupervised learning algorithms learn to recognize patterns within unlabeled data. Finally, reinforcement learning
algorithms learn decision making processes through trial-and-error interactions in an environment.

Fundamentally, reinforcement learning problems are modeled by Markov Decision Processes (MDPs). The algorithm
consists of a learner, called the agent, which learns a task by performing actions in an environment and sensing rewards.
A learned strategy is called a policy, &, that maps states to actions. The goal of reinforcement learning is to learn the
optimal policy, 7*. When an action, a, is performed, a change to the state in the environment is measured, s, and a
quantitative reward, r, is returned to inform the agent how good or bad the action was. The agent selects actions to
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Fig.3 Reinforcement learning process as applied to RASSOR.

maximize its reward over the period of an episode. In our work, the agent is the robot and the actions are movements of
the robot’s actuators. State is measured via sensors that track the environment. The reward function is specified by
the machine learning engineer to encourage the agent to learn a desirable policy. It does this by learning the value (or
utility) of being in a state s using a value function and selecting actions that maximize its expected reward for an episode
given its state.

In this work, we employed two reinforcement learning algorithms. For our 2D simulation, we used the Q-Learning
algorithm [[16]]. The results of this algorithm are described further in Section [[TI} For our 3D simulation, we trained with
the Deep Q-Learning algorithm [[17]]. We present our findings using this algorithm further in Section

1. Q-Learning

The goal of Q-learning is to learn policies through estimation of the value of performing actions in a particular state,
also known as the Q-value. Q-values represent the expected total reward from a particular state forward to the end of an
episode. Q-values are calculated with the following equation:

0™ (s.a) = r(s.a) + ymax Q" (s.a’) (1)

To calculate the value of being in a state s after taking action a, we take the reward returned via (s, @) and then
select the action that returns the maximum Q-value of the following state, s’. In Equation|I} vy is the discount factor and
is selected to be between 0.0 and 1.0. Discount factors are selected to encourage an agent to behave myopically or
maximize for long-term rewards.

The value of a state-action combination is calculated through recursive calls within Equation || until the maximum
value is returned after reaching a terminal state. Building upon this, the Bellman optimality equation [15]] is used to
update Q-values throughout training with the following rule:

Q71 (s,a) = QF (s,a) + alr(s,a) +y max Qf (s, a") ~ QF (s, )] 2

From Equation [2] the agent iteratively reaches new states by selecting actions, after each time step, 7. In each step, a
new reward is sensed and is used to update the estimate of the Q-value of the policy. This is referred to as bootstrapping.
Q-values are stored in a Q-Table which is of size S X A, where S is the set of all states, and A the set of all actions. At
the conclusion of each step, the state is updated and thus s’ becomes s and the agent continues to loop (selecting actions
based on the policy, observing the reward, new state, and consequently updating the state-action values) until reaching
the terminal state. « is the learning rate, selected between 0.0 and 1.0. A high learning rate weights new rewards more
heavily and is thus more sensitive to new information.

An important consideration of reinforcement learning algorithms is the trade-off between exploring and exploiting
the agent’s knowledge within an environment. In order to learn, the agent must explore new states and update the
Q-Table. However, the agent must also act rationally upon its existing policy to remain efficient as a learner. To balance
exploration and exploitation, e-greedy action selection is typically used. Within e-greedy, the action with the highest
Q-value is selected most of the time. Though we also randomly select a random action based on a probability threshold
denoted by €. e-greedy action selection is generally used with a decay so that the probability of random actions being
selected decreases gradually.

The use of a max function in Equation [T means that the agent must iterate through all possible actions to compute a
Q-value for a particular state-action. In learning problems with large or continuous action spaces, Q-Learning is no



longer a tractable approach. When applicable, quantization of the action space can address this problem. However,
another challenge arises in large state spaces, where quantization may not be appropriate due to the complexity of the
environment. In large state spaces, the learner may not (or will not) reach all possible states. Consequently, the policy
may fail during execution in the environment due to the lack of experience in regions of the state space. In these cases, a
method of mapping the state space to a discrete abstraction of state is necessary.

2. Deep Q-Learning

Deep Q-Learning [[17]] addresses Q-Learning’s weakness in larger state spaces, such as in continuous domains.
Instead of learning the value function through direct updates of Equation[2] Deep Q-Learning approximates the value
function through supervised learning, typically using neural networks. The neural networks consist of weights, 6, which
are learned by optimizing for a loss function. Within this framework, a value function is initialized, Q” (s, a; 8), with
random weights for 6. Through training the neural network, the goal is to approximate the optimal value function:

Q™ (s.a:6) ~ Q0™ (s.a) 3)

Though Deep Q-Learning extends the state representation, using neural networks to approximate the value function

comes at the cost of learning stability. To mitigate this, a technique called experience replay is often used [18]].

Experience replay updates the neural network in batches. Updating the value function in batches improves the stability

of the agent as it learns using uncorrelated data from previous experience stored in a replay buffer instead of using the

latest state-to-state transition data. Using experience replay can also make the training process more efficient as the
updates reuse previously seen data to increase retention.

Or41 = 0: —aVg[(r(s,a) +ymax Q7 (s, a’;0) - Q" (s, a; 6:))] 4)

Equation 4] shows gradient descent as applied to the neural network parameters. To further increase stability, two
neural networks are used called the farget and local networks. Both networks share parameters, 6, though the target
network is updated less frequently than the local network so that 6 does not converge erroneously. From Equation 4] we
see the target network with older parameters 4. To update the parameters, we use soft polyak updating:

ét+1 =760, - (1- T)ét )

From Equation[5] 7 is a weighting term selected to update the neural network parameters. This is done analogously
to the learning rate . Reinforcement learning algorithms provide rich structure for constructing and incorporating new
learning methods and parameters. Deep reinforcement learning extends this framework to include deep neural networks.
Deep Q-Learning is just one of many deep reinforcement learning algorithms [[18]. We include the parameters used in
our work in Table 2l

C. Lunar Environment Simulations

Designing a comprehensive robotic simulation is difficult as fidelity comes at the cost of performance, and both
must be carefully balanced. Several robotic simulation tools are under active development [19}[20], though to the best of
our knowledge, none support terrain deformation which is a necessary feature for simulating excavation and low-level
trenching operation. Alternatively, discrete element method (DEM) simulation tools have been applied to simulating
excavation [21]] and modeling ISRU excavation needs [22]]. However, DEM simulations are computationally demanding
and are not currently tractable for real-time or super-real-time robotic simulations.

Prior work within Swamp Works has made use of Gazebo [23], an open source 3D robotics simulation. Gazebo is
frequently used for robotics simulations as it integrates well with the Robot Operating System (ROS). ROS-controlled
robots and sensors are found in several NASA projects including Robonaut [24], Astrobee [25]], and RASSOR, to name
a few. Gazebo has been used to simulate the lunar environment, including a simulation that was extended to support
mission software, increased visual fidelity of the terrain, a terrain generation system for leaving "tracks" in the soil [19],
and an open-source ISRU autonomy simulation based on RASSOR [20]]. However, Gazebo does not natively support
terrain deformation and thus cannot be readily used to simulate trenching routines in high fidelity.

Other work on ISRU-based simulations for excavation include [26], which used the Digital Spaces simulation and
focused on applying evolutionary algorithms to multi-robot ISRU systems. Digital Spaces was a 3D simulation tool
used to simulate a deformable lunar surface. In the following section we describe our preliminary development of a
terrain deformation system and the incorporation of learning algorithms.



I11. Prototyping Learning and Sensor Capabilities in a Reduced-order Simulation

A. Simulation Modeling

As a precursor to our 3D excavation simulation, we developed a reduced-order 2D simulation as a proof-of-concept
for learning and sensor selection. Our 2D simulation was designed to be compatible with OpenAl Gym, a reinforcement
learning toolkit that facilitates the integration of learning algorithms with simulation environments [27]]. We prioritized
simplicity and performance during the development of this simulation to support the rapid deployment and training of
different learning algorithms and terrain parameters.
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Fig.4 ICE-RASSOR 2D simulation with Heads-Up Display depicting learning status and vehicle information.

In the simulation, we implemented a line-based mineable surface. The terrain is parameterized so that its topography
is varied using perlin noise terms. Additionally, the simulation terrain supports configuration of the dig depth of
the scoops and a wall sloping effect during deep trenching operation. We did not model gravity in this simulation.
Instead, the surface is represented by a spline that is perturbed when intersected by RASSOR’s drum. The robot
wheels permanently intersect with the ground so the robot is not capable of “acrobatic” or contingency maneuvers.
However, motion is visualized when the robot is moving (wheels and drums rotate). This environment enabled us to
deterministically test several learning algorithms. Over the course of development, several optimizations were made
to the simulation to improve speed. On an Intel Core i9-10900X workstation, the system can process 105 simulation
steps/second with headless mode enabled in single-threaded mode, and over 2000 steps/second in multi-threaded mode.

Fig. 5 ICE-RASSOR 2D simulation through execution of the Q-Learning policy.

During the development of the 2D simulation, we implemented and augmented simulated sensors as we applied the



learning algorithms. With a sensor framework limited to knowledge of the kinematics of the robot, the learner was
unaware of the surrounding surface topography. To produce cohesively excavated trenches, we implemented pseudo
time-of-flight sensors to report distance from each drum to the ground and the overall height of the robot above the
surface plane. We assume the availability of reliable odometry methods since accurate feedback of movement across the
soil is necessary to the robot’s ability to achieve desired states and final trench configurations.

B. Learning in the 2D Simulation

We constructed the reward function to positively reward RASSOR for the amount of regolith excavated per step and
penalize it for the following conditions: drums not engaging soil, the robot attempts to break kinematic limits (e.g.
knock drums of opposing arms together), or reaching a position where the robot becomes stuck. Finally, for the purpose
of limiting the dig site, RASSOR is penalized for going near the edges of the simulation window.

10000 1
8000 1
6000 1

40001

Steps per Episode [n]

2000 1

500 1000 1500 2000 2500 3000
Episodes [n]

oA

Fig. 6 RASSOR was rewarded for continuing to excavate the entire trench. It maintained a steady increase in
excavation steps throughout training.

The observation function returns a seven bit binary state to represent the time-of-flight sensors for both front and
rear of the robot, and a directional bit to determine the movement direction based on the bounds of the dig site.

14,000.0
12,000.0
10,000.0 1

8,000.0 1

6,000.0 1

Cumulative Reward [r]

4,000.0

2,000.0 1

0.0
0 500 1000 1500 2000 2500 3000

Episodes [n]

Fig. 7 The cumulative episodic reward continued to increase as RASSOR learned to dig deeper and deeper.

RASSOR has six possible actions in the environment: drive forward, drive backward, raise front arm, raise back arm,
lower front arm, and lower back arm. Each of these commands are done in position-space as increments per time step



when an action is performed. The simulation can also be configured to set bucket drum angular velocities, though the
drums were ultimately left at a constant velocity to simplify the learning process (and is similarly done with auto dig).

In Figure [6] we see the steps per episode increase throughout training of the Q-Learning algorithm. Similarly
in Figure[/| we show the reward per episode throughout training. These figures indicate the success of learning as
a function of the state representation, reward function, and learning parameters selected for the environment. The
developed solution enabled RASSOR to trench the environment in levels and effectively track state. We explored the
use of existing on-board voltage/current sensors to approximate sensor information where vision or other advanced
sensors would have otherwise been appropriate. The pseudo sensor capabilities, actions, and reward schemes developed
for the 2D environment and learner inspired the development of our 3D simulation described in the following section.

IV. Simulating Lunar Excavation in 3D

A. Environmental Modeling

The environment for the 3D simulation is an arbitrarily generated terrain surface designed to mimic the lunar surface.
For simplicity the dig site was kept flat. Two versions of the terrain excavation system were developed.

In the first version, we devised a mesh system consisting of a set of vertices, edges, and triangles to describe the
surface of desired resolution. When the teeth on the bucket drums of RASSOR collide with the terrain, the parameters
of the collision are returned. The collision information is then used to calculate an offset for the nearest vertices to the
collision point and reduce their height value by the scoop height in the world coordinate space to imitate physical scoop
engagement with the soil (further described in Section[[V.D).

This approach was subject to several performance constraints. One of the most computationally demanding
calculations are collision checks. The computation time needed to calculate the updated collision boundaries for the
terrain exceeded our requirements for simulating in super-real-time. For a desired work area of 100m x 100m with a
resolution of 50mm, 4,000,000 vertices would be needed to achieve excavation resolution. At a rotation rate of five
radians per second, collisions with RASSOR’s bucket drums would generate several collision updates per second
rendering this approach intractable. To resolve this, the terrain was further divided into smaller tiles. By creating 1m x
Im tiles, the number of vertices per tile could be reduced to 400. However, the tile-based system presented other issues
when manipulating the corner edges of adjacent tiles. These issues, in part, led us to the second version of the terrain
system.

The second version of the terrain system uses the built-in Unity terrain class which enables us to use a third party
asset called Digger PRO. Digger PRO takes advantage of Unity’s built-in burst compiler and job system. The burst
compiler converts .NET code to optimized native code using a low-level virtual machine, and the job system allows safe
multi-threading capabilities within the Unity framework. We applied our existing collision method for detecting scoop
events. Using these collision events between the bucket drum teeth and the terrain, Digger PRO was configured to
modify the terrain.

B. Robot Modeling

The visual and reference geometry for RASSOR in the 3D simulation comes from the EZ-RASSOR simulation
[20] developed by the Florida Space Institute. EZ-RASSOR is an open source mining robot designed to mimic
the characteristics of the RASSOR 2.0 platform with smaller geometries. We tuned the parameters provided with
EZ-RASSOR to match the needs of our simulation environment.

Within Unity, RASSOR was modeled as a set of components connected via actuation joints. These include the
chassis, wheels, arms, and bucket drums. The NVIDIA PhysX engine was used to represent these components in
the simulation. PhysX provides rigid-body and joint classes which we used to model RASSOR’s dynamics. Each
fundamental component was modeled in Unity as a distinct rigid-body. These components were connected by a joint
class, with constraints defined for each joint. The wheels and arms are locked in position relative to the chassis, but are
allowed to freely rotate about their primary axis. Likewise, the bucket drums are locked in position relative to their
respective arms. For the arms, minimum and maximum angles can be applied to each joint to act as pseudo mechanical
limitations. PhysX also offers simulated motors for each joint using a proportional-derivative drive model. The motors
can be configured to apply a specific force and target velocity for each joint which allows control of the robot.



C. Actuator Modeling

Actuator models were defined within Unity’s PhysX joint system. Power consumption models were then defined
based on empirical data and robot kinematics. An energy storage model was also developed to track amp-hours (Ah)
used and remaining. RASSOR’s battery pack was set to a constant voltage.

Total power consumption is calculated by summing the power consumed by individual wheel, arm, and drum
actuators, plus a buffer for the power consumption of other electrical components not associated with robot motion
(hotel power).

Fig. 8 Cross section of bucket drum interacting with regolith.

Bucket drum current draw, ig.m, i modeled as the superposition of the current draw when the drum is freely
spinning, ir, and the current draw while digging, iq.

Ldrum = lf +iq (6)

Our simulation models actuators that run in constant speed mode, where control is performed by setting desired
angular velocities. A closed-loop controller within each actuator’s electronic speed controller (ESC) is responsible for
metering power to the actuator to achieve and maintain the set speed.

When the ESCs are in speed control mode, an appropriate first-order approximation of the drum actuator’s
free-spinning current draw while rotating is the sum of a constant-speed friction term, and a term proportional to the
drum’s total mass (which includes the mass of the regolith in the drum).

if =Bw+C(mg+m,) 7

In Equation [/} B and C represent proportional terms adjusted to approximate empirical data, m, is the mass of the
empty drum, m,, the mass of regolith within the drum, and w is the arm angular rate. A more accurate freely rotating
drum power consumption model would consider higher-order terms such as regolith tumbling dynamics, variable and
non-linear friction terms, ESC dynamics, etc. However, appropriate definitions of coefficients B and C were tuned to
sufficiently reproduce free spinning drum power consumption in the quasi-steady state.

The additional current draw due to excavation is modeled by Equation[8] where « and y are empirically determined
and A, is the cross-sectional area of regolith engaged by the bucket drum scoop as shown in Figure[§] Equation|[§]
assumes the scoops are the only drum structure contacting the regolith. Additional terms would be required to represent
current consumption if excessive speed of the chassis or arm motors resulted in outer drum surfaces contacting regolith.
Just as in Equation[7} @ and y were tuned to sufficiently approximate excavation current draw for the purposes of the
reinforcement learning environment.

ig= (VwAarea)_aw (8

When the arm actuator ESCs are in speed control mode, Equation [0] approximates their free-spinning current draw,
with appropriate definitions of coefficients D and E. In this model, I is the moment of inertia about the actuator
rotational axis, and 6 represents the arm’s pitch angle relative to the horizontal plane (orthogonal to the gravity vector).
Forces reacted by arm actuators due to drum-soil interaction were neglected since the motor brake is engaged when the
arm’s ESC is not actively commanding a rotation. As with our other reduced order models, this model neglects higher
order effects encountered on the physical hardware and is the topic of future work.



i=Dw+ Elcos(0) )

The simplified wheel actuator power consumption model expressed in Equation [[0]ignores wheel-soil interaction
effects. F is defined such that its product with v, the robot’s linear velocity, matches the physical robot’s power
consumption under similar operational conditions.

P=Fy (10

An important aspect of the power modeling simplifications presented above are the context wherein they are used.
None of the above equations perfectly reproduce RASSOR’s power consumption, yet it is not essential they do so. The
critical feature of the above equations is that they reflect the relative magnitude of power consumption caused by various
robot actions. When so proportioned, robot performance gains realized by learned excavation policies trained in the
simplified environment suggest that these gains are extensible to both higher fidelity simulation environments and the
physical robot.

D. Soil-Drum Interaction

Fig. 9 Soil-drum interaction through scoops of bucket drum.

The soil interaction model was simplified to improve collision performance. We constrained kinematic rates of the
wheels and arms to prevent stalling or undesirable dynamical events. Doing so enabled us to simplify the dynamics of
the soil interaction between the drums and the terrain and avoid edge cases. For example, if the angle of the drum with
respect to the ground is known, then the angular rate the motors can send to the arms can be limited to avoid collisions
that would cause the drums to get stuck.

To determine the amount of overlap between the tooth collider on the bucket drum teeth and the soil, we use
ray-tracing, as depicted in Figure[9] The collider checks a set of rays extending outward from the center of the bucket
drum to the farthest tooth edge. In Figure[J] red rays represent positions along the drum which do not interact with soil,
green represent valid collisions with the terrain, and blue represents the amount of overlap between the tooth and the
surface. The area of overlap is extended along the length of the drum tooth to compute the volume of regolith ingested;
we then use Digger PRO to modify the terrain and depress it to account for the excavated regolith.

E. Robot Sensing and Control

Our simulated version of RASSOR possesses several on-board sensors. Akin to the physical robot, we measure
power consumed at the main bus (which accounts for all actuators and simulated hotel power due to compute and
wireless communication power requirements). The simulated robot also provides instantaneous current readings for each
motor, motor encoder positions for odometry, and the distance measures based on the time-of-flight sensors described
previously, see Figure[T0] Finally, we directly measure the quantity of regolith excavated based on the volume subtracted
from the environment. In environments where the excavated regolith cannot be directly measured in real-time, RASSOR
could estimate this information using motor current data [28] 29].
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Fig. 10 Pseudo time-of-flight sensors as depicted by the green lines. The green lines measure height of drums
above surface.

RASSOR is equipped with velocity controllers which have been extended to support three modes of operation. The
first mode is an application programming interface (API) devised to support Unity ML-Agents. Unity ML-Agents
facilitates the integration with learning algorithms, though it also supports custom communication channels which are
used to transmit state data for control outside the purview of the learner. The second mode enables teleoperation using a
physical gamepad connected to the simulation. The last is an analogous implementation of the auto dig PID controller,
as described in Section [LA.2l

The implementation of these three modes of operations enables us to observe unique behavior and control under
different simulation configurations. The learning mode facilitated development as it would reach states that induced
run-time errors. Auto dig was used to tune both the controller gains as well as environmental and actuator parameters.

For an experienced operator, teleoperated control is a direct method of achieving certain behaviors. However,
teleoperated control of a dual arm bucket drum excavator such as RASSOR is challenging. To maximize the efficiency
of the platform (especially for maintaining traction in low-g environments), movements between both arms must be
coordinated in response to the elevation of the soil and the movement of the robot. As the robot moves forward while
digging a trench, the arm in the direction of movement must be cautiously servoed to maintain soil engagement yet
avoid stall conditions encountered when the drums are pushed forcefully into the soil. We implemented teleoperated
control for a few reasons. Teleoperated control enabled us to directly test the feasibility of contingency maneuvers
when interacting with the simulation environment, but also served as a baseline to which our automated methods are
compared against.

V. Learning Excavation in the 3D Simulation Environment
A key function of the simulated robot is its ability to dig efficiently. The expectation holds whether the strategic goal
is to shape the terrain, gather material for processing, or a combination thereof. The general goal of digging on its own,
however, is insufficient for creating an RL model that converges on an optimum policy. There must be specific rules
and goals governing RASSOR’s behavior such that the RL algorithm can find an optimal solution. We focus on the
fundamental digging task, and leave strategic goals for future work. For this problem, there are three governing tenets
by which the RL-based solution must abide. The RASSOR robot must:
1) learn to gather as much material as possible from the surrounding environment. The amount of material RASSOR
can gather is directly proportional to the capacity of its digging drums and available battery charge.
2) maximize its availability to carry out its tasks. Thus, it would be unacceptable for RASSOR to become stuck as a
result of its digging operations.
3) dig and gather material from a specific, prescribed area; perhaps an area deemed ideal for digging operations as a
result of precursor surveying or prospecting.
These governing tenets in part originate from requirements on the physical platform [7]. Secondarily, they establish
constraints that are used as a basis for the metrics in our comparison.
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A. Environment Requirements

Normally, the region where RASSOR is allowed to dig may be defined as broad enough to require navigation using
two degrees of freedom. In the experiments of this work, the dig site is confined such that RASSOR is only required to
move forwards and backwards to produce linear trenches, without the need to yaw using skid steering (similar to auto
dig).

The RL agent requires accurate and reliable position information, both while learning a digging policy during
training and when utilizing said policy during inferencing. The prevailing assumption in this experiment is that the
position is provided by an external service, such as other surface assets and fusion of several sensor modalities. The
agent is afforded both its up-to-date position as well as the position and size of the designated digging region using a
common reference frame relative to the starting dig position of the robot. We treat this excavation reference frame as
global for the purposes of the learner.

B. Intrinsic Requirements

During the training phase, the agent expects RASSOR to be able to measure its pose (Euler angles), with respect to
the global reference frame. In addition, during training and inferencing, the agent expects RASSOR to measure the
height of the digging drums with respect to the surface. Finally, both during training and inferencing, the agent expects
RASSOR to properly estimate the amount of material captured by the digging drums at any point in time.

The capabilities listed up to this point suffice to meet two of the three governing tenets for the RL solution: track the
amount of gathered material and remain within a prescribed region. In order to prevent the situation where the robot
becomes stuck, RASSOR keeps track of how many times it has removed surface material at a specific spot. During
training, the RL agent is penalized from extracting too much material from a particular spot; this encourages smooth
contouring of the surface.

C. Action Space
The action space available to the agent consists of seven distinct actions. At each step, the agent is allowed to
perform only one of these actions. The list of agent actions is as follows:

1) Remain idle (no action)

2) Drive forward

3) Drive backward

4) Raise the front digger arm

5) Lower the front digger arm
6) Raise the back digger arm

7) Lower the back digger arm

D. Observation Space

In order to both accommodate the need for tracking the amount of times RASSOR has extracted material from a
particular region and make the resulting RL-derived policy more generally applicable, RASSOR’s position was reduced
to a single value along the axis of motion, normalized with respect to the designated digging region, and digitized to a
discrete set of possible values.

For this experiment, the eventual digitization of RASSOR’s position in the environment was done by splitting the
digging region into 20 equally-sized segments. Given the movement limitation in this experiment, only the position
along a single axis was digitized. RASSOR’s world coordinate frame position p,, € R is transformed into a digital
position pg € {0,1,2,...,19} is shown in Equation The equation shows two intermediate values: p, € [-0.5,0.5)
which is the 0.0-centered normalized coordinate value, and p; € [0.0, 1.0) which is p, biased by 0.5 so the position
center is at 0.5. The equation also involves two constants: 1) D, the digging region’s center coordinate value along the
travel axis, x, in the world frame, as well as the digging region’s size, D;, along the same x-axis.

(pw -Dy)
D,

ppr=pn+0.5

pa = Lpp x 20.0]

Pn =
(11)
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Similar to the auto dig routine, the learner focuses exclusively on digging. We leave planning to other tasks such as
choosing when and where to empty the digging drums to future work. The ultimate goal of the policy learned by the
agent is to fill the digging drums to a predetermined level as calculated by the aforementioned dig volume perception
logic.

Given the environment characteristics and governing tenets, the following observations lead to an optimal RL
digging policy:

* Normalized and digitized position in digging region - Keeps RASSOR within the established bounds.

* Front/rear drum height - Helps the agent find the optimal height at which to gather material.

* Dig count at current digitized position - Helps prevent digging too deep and rendering RASSOR stuck.

The environment observations were encoded into a four-dimensional vector that included the digitized position, the
digging drum heights (front and rear), and the corresponding position dig count ¢; € {0, 1,2, ..., 100}. The agent was
responsible for keeping track of the dig count for each position using a O-initialized value array, C, large enough to hold
a dig value for each position (in this case, an array with 20 members). Each time RASSOR detected that it had captured
material at a position i, it would increment ¢; by 1.

E. Rewards

In order to properly influence the learned policy such that it comports to the governing tenets, the environment
disburses rewards according to the following schedule:

* Null reward by default.

* Positive, albeit diminishing, reward for acquiring surface material.

— The decay in reward for a particular spot in the digging area is directly proportional to the number of times
RASSOR acquired material at that area.
* Negative reward for leaving the designated digging region (i.e., an out of bounds condition).
* Negative reward for morphing terrain to the point where traversal induces excessive chassis angle, increasing the
chances that RASSOR becomes stuck.
* Positive reward for filling the digging buckets to a predetermined level.

F. Training

The training phase of the experiment runs until the average cumulative reward and value function loss visibly settle
into a restricted range. During this phase, episodes end if any of the following conditions are met, RASSOR:

« fills both sets of front and rear drums.

* ventures outside the digging region (i.e., goes out of bounds).

* detects chassis angle deviation from level in excess of 20° with respect to the gravity vector.

G. Reward Values
The reward values disbursed by the environment were kept to a maximum magnitude of 1.0. Based on the reward
conditions listed in sub-section the reward values were set as shown in Table

Table1 RASSOR policy training reward values

Reward Value
Null reward 0.0
Dig reward 1.0 — (0.0001 X ¢;)
Out of bounds -1.0
Excessive angle -1.0
Full digging drums 1.0
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VI. Results

A. Deep Q-Learning Training

In all, 189,000 steps were performed during the training of the Deep Q-Learning agent across 963 episodes.
Post-training, we compare our Deep Q-Learned policy to the auto dig and teleoperation results. Once training concluded,
the learned policy was installed into the 3D simulation environment in order to validate its inference capability. Over the
course of 20 episodes, the agent executed the policy to completely fill its buckets in every case. Observing the actions
taken by the trained policy, it was evident that the training led it to choose to move constantly while only skimming the
surface of the terrain. As described in Section [[.B.2] we tuned the learning algorithm parameters based on the needs of
the digging task. The final hyperparameters used are shown in Table[2]

Table 2 Deep Q-Learning Hyperparameter Configuration

Parameter Value
Learning Rate (a) 2.7x1074
Exploration Factor (¢) 0.1
Reward Discount (y) 0.99
Polyak update (1) 0.01
Buffer Size 50, 000
Policy Network 2 layers of 64 nodes

The overall training behavior can be roughly divided into three stages. In the first stage, the learner explored the
space to identify rudimentary relationships between actions and reward signals. In this stage, the learner often failed
by getting stuck, exceeding slope angle limits, and other undesirable behavior such as waving the arms. Eventually,
RASSOR would reach the full drum terminating state and in doing so reached the second observed phase of learning.
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Fig. 11 Through learning, RASSOR was able to reach the terminal excavated volume target in fewer steps.

During the second phase of learning, RASSOR exploited its digging behavior to reach the terminal fill state.
However, it would often get stuck in doing so. RASSOR would bury both sets of drums in the surface and excavate while
minimizing movement of its drivetrain. This resulted in two trenches, one on each side of the robot drivetrain. Doing so
also consumed more power since the robot would servo the arms more in the deeper trenches with the added mass of the
regolith in the drums. Further optimizing upon these strategies gave rise to the third observed phase. In the third phase,
the learner optimized its strategy to increase excavation efficiency. RASSOR leveraged the low gravity environment by
exploiting the drums as a mobility platform. In sloped trenches, RASSOR would find opportunities to lower its drum
beneath the center of mass of the robot. Generally, this was done for a short period of time, and eventually, the learner
moved towards more conventional bucket drum excavation behavior with consistent and controlled application of force
to the surface (similar to RASSOR 2.0 behavior in Kennedy Space Center’s regolith test bin).
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Fig. 12 As the learner trains, the efficiency indirectly increases as a consequence of the reward function.

Maximal excavation efficiency is our key comparison metric. In Figure[I2] we plot the volume of regolith excavated
per unit of power over the course of training. We see a significant improvement in the terminating episode in efficiency. In
a trial of 20 executions of the policy, we saw an average efficiency across the execution of the task of 3.80 + 1.47 cm3 /W.
In the simulation, we logged several performance markers including instantaneous battery measurements, instantaneous
motor currents, instantaneous and cumulative regolith excavated (by volume), and other measurements as reported by
our pseudo sensors. Using this information, we compute efficiency by dividing cumulative regolith excavated by power.

B. Performance Comparison

In this section, we present our learning results within the 3D lunar simulation and contrast it with an analogous
implementation of RASSOR’s auto dig routine and human teleoperation (without delay) via gamepad control. All
experiments conducted within the simulation used the same environmental conditions and robot configuration. As part
of the experiment, we performed 20 trial runs with the Deep Q-Learned policy, 20 with the auto dig routine, and 10
with the teleoperation model operated by a trained robotics engineer. As auto dig is a controller with a static mode of
operation, both the learner and teleoperated control was focused on completing an identical task: fill both sets of drums
during linear trenching as efficiently as possible (measured by volume of regolith ingested per unit power).
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Fig. 13 The learner and auto dig perform similarly whereas teleop has high variance.
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Over the course of this work, we identified a pseudo time-of-flight capability that was used to inform the state of the
learners. This capability has also helped visualize the efficiency of the different methods by quantifying engagement
with the soil over time. As such, our first comparison figures, Figure[T3]and[T4] highlight a stark difference between
the teleoperated user’s ability to control the platform consistently versus that of the learned and PID-based controllers.
In each of the figures in this section, we show the results of the learner in red, the auto dig routine in green, and the
teleoperated results in blue. The dark center line for each method corresponds to the mean of all the trials for a particular
method. The lighter infill area represents one standard deviation from the data.

As established in Section[V] all learning within the 3D simulation was completed in an end-to-end manner. The
learner was responsible for the guidance and control of the robot based on the policy achieved. Learning could be
implemented as part of the auto dig controller instead, though this remains the focus of future work.
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Fig. 14 The auto dig routine maintains the lowest average drum above height for the second set of drums.

Figures[I3|and[T4]depict the height in meters of the low edge of the drums above the surface of the dig site. Although
the original measurement is taken from the center of the arm as shown in Figure[T0] we subtract the radius of the drum
from all measurements. Our primary comparison is between the learner and auto dig with the teleoperated results
provided as contrast to the algorithmic-based approaches. Since the performance of the teleoperated results depends on
human skill it is included as a loose benchmark for reference, as indicated by the variance shown in the figures of this
section.
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Fig. 15 Measured efficiency of the three modalities throughout execution of trenching task.

During excavation in both the simulation and the physical environment, it is important that the engagement brought

16



by the drums on the soil and the corresponding reaction force is equalized by controlling the arms. Pressing too hard
with the drums could force the robot to lift. We visualize the scoop heights for each of the three methods, in Figures|T3]
and[T4} The mean height above soil corresponds directly to how often the drums are engaged and therefore ingesting
regolith; the standard deviation indicates engagement consistency. The teleoperated data had the least consistent height
above soil (especially in the first front set of drums as shown in Figure[I3). The results with the learner and auto dig were
similar to each other. In some cases, the auto dig routine would go below zero meters indicating that it was pushing the
scoops below the level of the excavation surface, though it was also consistently lower than the learner and nearer to the
surface plane. If we instead consider the balance as a ratio between the sets of front and rear drums, the learner performs
slightly better with a deviation error of 3.64% on average, and an auto dig deviation error of 4.39%, also on average.
The ratio of front to rear drums for teleoperation produced an error of 62.64%, which is a detriment to efficiency.
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Fig. 16 Cumulative regolith excavated (by volume).

In Figure[T3] we see a comparison of the average efficiency (temporally) for each of the methods. This shows the
learned policy outperforms both the auto dig routine and teleoperated user by our key comparison metric. On average,
the learner achieved 3.80 + 1.47 ¢m? /W, whereas the auto routine achieved 2.18 + 0.89 cem? /W, and the teleoperated
user, 1.06 + 1.33 ¢m®/W. In full excavation cycles, we see that the learner optimizes for minimizing the number of
steps to reach the terminal full state. This is why we see a decrease, on average, in the steps per episode in Figure[TT}
However, in our 2D simulation, we see an average increase in the number of steps per episode as shown in Figure[d] as
there was no positive terminal state. Instead the learner would simply dig until it was stuck, often reaching thousands of
steps per episode.

Fig. 17 Auto dig with persistent updates to the setpoint can produce smooth and shallow trenches. The depth
of the trench decreases as the controller approaches the drum motor setpoint.
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In addition to excavation efficiency, we also compare the cumulative volume excavated, shown in Figure[T6] Though
the learner excavates far more regolith over the course of our excavation cycle compared to the auto dig routine, it
also consumes far more power, on average. This is indicated by the intersection of the upper and lower bounds of
our efficiency measurements for the learner and auto dig, as shown in Figure[T5] In our testing, the learned policy
consumed 155.40% more battery charge over the same period of time, yet remained more efficient on average. During
the execution of the learner and auto dig routines, the drums accumulated regolith at different rates on account of the
asynchronous updates of the digging collider. This explains why the standard deviation gradually increases (generally)
throughout the duration of an excavation cycle.

Fig. 18 During the second observable stage of learning, RASSOR’s inconsistent force on the soil leads to an
uneven trench.

Finally, in Figures[T7] [T8] and[T9] we show results from the most recent iteration of our simulation. Figure [I7]shows
the results of the auto dig routine with relaxed controller setpoints. With this setting, the auto dig routine will grate the
soil as it traverses the terrain. The default setpoints caused the arms to engage with more force during the beginning as
the robot moved from left to right on the dig site, resulting in small indentations in the shape of the drums on the left
side of the trench. Note that without manually incrementing the setpoint, RASSOR would slowly raise its arms over
the course of excavation until the drums no longer engaged with the soil. As such, auto dig currently assumes active
monitoring by an operator.

In Figure[T8] we see the Deep Q-Learner after approximately 160 episodes of training. At this stage, the learner
has largely overcome getting stuck, though must continue to optimize its behaviors. From the figure, we see more
pronounced indentations from the drums and raised arms in the middle of excavation. This is because RASSOR has
learned to bury drums in the soil, excavate some soil, then lift the drums so as to not get stuck when the robot is moving
forward in the trench. This method is inefficient as the learner tends to prioritize one set of drums at a time. Within
Figures [T3]and [T4] this would correspond to drum heights oscillating above the surface in increased frequency and
amplitude. During the second stage of learning, RASSOR often terminates an episode early by exceeding slope angle
limits by aggressively digging in place, in spite of temporal efficiency. We presume that as an effect of the slope angle
penalty that RASSOR more frequently achieves grated excavation and successful episode termination by filling the
drums.

In Figure[T9] the results of the Deep Q-Learner are shown from a side view, similar to that used for the 2D simulation.
Within this view, we see two cones in the corner of the site. These are the boundary markers for the dig site and there
are four in total. We also note that the robotic platform starts slightly above the ground, though the episode does not
begin until contact is reached. In the future, this simulation will be extended to support lunar topographical features
using geological map data combined with noise to enhance small details. Dropping the platform is a simple solution
to avoid instantiating the robot in intersection with the soil. Also worth noting in the visuals that the dusting effect
produced during ground contact partially occludes the trench (nearest the drums). This does not affect the behavior of
the learner, however. Figure[I9shows one of the smoothest executions of the policy and relatively balanced engagement
of the arms to the soil. When driving, the policy tends to lift the leading drums so as to not collide with the topsoil.
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Fig. 19 Result of the excavation policy. The camera tracks the center of robot as it grates the terrain.

During inferencing of the learner routine, the control gains of the policy (governed by the learner’s action) can be
altered to decrease or increase the aggressiveness of the routine. This enables us to adapt the parameters of the policy
online without changing the policy directly. By manipulating the velocity parameters of the actions, we can achieve
desirable behavior based on the needs of higher level tasks, such as adapting gains based on the length of the trench
desired.

Fig. 20 Execution of the Deep Q-Learning policy yields results similarly smooth to the auto dig routine.

In Figure[20] we see the execution of the Deep Q-Learning policy after training is completed. Within the execution
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of the dig cycle depicted, we see RASSOR gradually decrease the rate at which it ingests regolith while it balances the
drums and moves forward (from left to right in the figure). The adaptation of control gains such as those in the excavation
policy can be used within a hierarchical reinforcement learning framework to achieve more complex excavation behavior,
and is just one example of the extensibility of the simulation and our framework for learning excavation, which we
discuss further as part of future work.

VII. Conclusion

In this work, we developed 2D and 3D excavation simulations of a lunar environment. Within these simulations, we
applied reinforcement learning algorithms to learn excavation policies using models based on the RASSOR excavator
geometry and power consumption based on physical excavation data. Our learning system concluded with excavation
policies outperforming autonomous digging routines in two efficiency metrics. Moreover, through the development
of our simulation and reinforcement learning capabilities, we tuned our learning reward functions and state feedback
such that we were able to identify novel sensor placement and needs of the RASSOR platform. Within this simulation
learning framework, we are expanding the fidelity of the environment and its dynamics to more closely match our test
and relevant environments. As such, there are several avenues of future work.

During the development of our 3D lunar simulation, several features were identified that would extend the capabilities
of the tool as an ISRU simulation. These features include increased fidelity and resolution of the terrain and regolith
properties as encountered during terrain traversal and manipulation, such as variance in surface topography and topsoil
density. Using lunar surface data [30]], accurate terrain details as found at proposed landing and excavation sites can
also be incorporated. By increasing the correspondence between simulation and constrained real world scenarios, the
efficacy of transferring knowledge learned in simulation to physical environments is also increased. This is in part
achieved by improving the physics of the soil-drum interaction by refining data driven approaches and incorporating
more sophisticated collision models. This remains the subject of ongoing work.

By increasing the visual fidelity of the environment, additional pseudo sensors can be implemented to imitate
image and range-based sensing. The inclusion of vision sensors, for example, could be used for visual odometry and
vision-based navigation within trenches. As the illumination during the lunar days consists of high contrast harsh
lighting and shadows, methods such as active illumination [31] need to be considered to compensate the scene with
enough light to extract usable data from images. The presence of electrostatically charged dust particles presents further
challenges to vision-based sensors [32].

Within machine learning, transfer learning [33] remains a topic of importance. Where training robotic assets in the
real world with uninitialized parameters remains challenging for a number of reasons, a simulation can be configured to
automatically reset the environment after each episode, thus being much faster to learn in. Transfer learning for ISRU
excavation policies is a topic of ongoing work. Kennedy Space Center’s regolith test bin has been furnished with new
motion capture capabilities to facilitate transfer learning and serve as ground truth for the development of dust-tolerant
odometry methods.

Other topics of interest within machine learning include hierarchical learning. As part of this work, we focused on
learning single end-to-end policies for straight trenching. End-to-end training can produce satisfying results, especially
when desirable behavior is reached through elegant reward specification. However, it is often more practical (and
explainable [34]) to decompose behaviors into distinct actions which can be trained and benchmarked independently.
This comes at a cost of optimality [35], though low-level specification of actions such as control-level actions extend the
flexibility of the model to new regimes since task specification is governed by the policy of a higher level [18].
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