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This paper addresses the problem of robotic capture of an uncooperative spinning target spacecraft. To do so, a
computationally lightweight and real-time implementable guidance, navigation, and control architecture that relies
on deep learning as well as pseudospectral optimization is proposed and experimentally validated. Specifically,
a convolutional neural-network-driven stereovision pose determination system is first combined with a deep-
reinforcement-learning-based guidance algorithm and pose tracking controller to cancel the relative motion
between a chaser platform and an uncooperative spinning target platform in real time. Then, real-time tracking
of a pseudospectral-based optimal guidance law generated offline deploys a robotic arm while minimizing the
overall attitude corrections required to keep the target in view. The integrated experiment carried out using
Carleton University’s Spacecraft Proximity Operations Testbed (a state-of-the-art planar air bearing facility,
introduced in this work) demonstrates the performance of the developed deep learning architecture.

I. Introduction

UCCESSFUL demonstrations of (semi-)autonomous robotic
on-orbit servicing of a cooperative target include Engineering
Test Satellite VII (1998) [1] and Orbital Express (2007) [2], the term
robotic referring to the use of a robotic manipulator to grapple and
capture the target spacecraft. On the horizon are more challenging
robotic missions to capture uncooperative (i.e., not equipped with
fiducial markers and typically spinning at a constant and unknown
rate) target spacecraft: Astroscale’s Cleaning Outer Space Mission
through Innovative Capture! (2026) to remove two defunct satel-
lites, Northrop Grumman’s Mission Robotic Vehicle [70] (2025) as
a part of the Defense Advanced Research Projects Agency’s Robotic
Servicing of Geosynchronous Satellites program to deploy Mission
Extension Pods and service satellites in geostationary orbit, and
ClearSpace-1 [3] (2026) as a part of the European Space Agency’s
Clean Space initiative which will capture Proba-1 using four robotic
arms and remove it from orbit. The On-orbit Servicing, Assembly,
and Manufacturing 1 mission [4] (formerly Restore-L) which would
have been the first to demonstrate on-orbit refueling of an unco-
operative target was recently canceled. However, technology dem-
onstrations of fluid storage and robotic transfer were successfully
completed by the Robotic Refueling Mission 1 through 3 programs
[71] hosted by the International Space Station (ISS) in 2011, 2015,
and 2018, respectively.
The on-orbit servicing industry is still growing, and there is a
need to develop more advanced (yet simple) guidance, navigation,
and control (GNC) technologies to enable proximity operations,
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especially with uncooperative target objects. As evidenced by the
previously described proposed mission profiles, specific capabil-
ities must include relative pose (i.e., relative position and orienta-
tion) determination and tracking as well as robotic deployment and
capture maneuvers. The approach and capture must be performed
autonomously, in real time, so that the spacecraft is adequately
equipped to react to unforeseen circumstances that may otherwise
pose a safety risk. Several advancements have been made in each
of the aforementioned areas of relative pose determination, pose
tracking, and robotic manipulator deployment, as will be discussed
in subsequent sections of this paper.

State-of-the-art test beds have similarly been developed over
the years to validate such advancements (see, e.g., Refs. [5,6] for a
review of spacecraft simulator technologies). Indeed, the use of
grounded hardware simulators has always been an important com-
ponent during the planning and development stages of any space-
borne mission. All hardware and software present in a spacecraft
of any size must be validated to the greatest extent possible, as
this helps to ensure not only the safety of the spacecraft itself
but also the success of the mission. Most spacecraft simulators use
air bearings and a smooth surface upon which the bearings can
float, providing a near-frictionless environment in which space-
craft GNC algorithms, dynamics, and hardware can all be validated
together. Many simulators are already in use at various research
institutes. Examples of full six-degree-of-freedom spacecraft sim-
ulators include the California Institute of Technology’s Multi-
Spacecraft Testbed for Autonomy Research (M-STAR) [7], Florida
Institute of Technology’s Orbital Robotic Interaction, On-Orbit
Servicing, and Navigation (ORION) [8], and University of Flori-
da’s Advanced Autonomous Multiple Spacecraft (ADAMUS) [9],
now at Embry-Riddle Aeronautical University. These facilities use
planar air bearings over a granite or epoxy floor for planar trans-
lational motion, spherical air bearings for rotational motion, and
either a vertical kinematics stage or a counterbalance system for
out-of-plane motion enabling the validation of spacecraft proxim-
ity operation GNC algorithms. ORION’s chaser spacecraft model
is additionally equipped with a number of robotic manipulators
to simulate autonomous or telerobotic capture. These types of
research facilities are not entirely new. NASA’s Jet Propulsion
Laboratory developed the Formation Control Testbed (FCT) [10]
in 2004 to support the Terrestrial Planet Finder (TPF) mission. The
FCT was built to simulate and demonstrate six-degree-of-freedom
autonomous formation flying and reconfiguration for TPF. Five-
degree-of-freedom facilities do not include out-of-plane motion
and only use planar and spherical air bearings. The DLR, German
Aerospace Center’s (DLR) Test Environment for Applications of
Multiple Spacecraft (TEAMS) [11], Yonsei University’s Autono-
mous Satellite Test Environment for Rendezvous in Proximity
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(ASTERIX) [12], and Georgia Institute of Technology’s Auto-
nomous Spacecraft Testing of Robotic Operations in Space
(ASTROS) [13] are examples of such facilities that test formation
flying techniques, on-orbit servicing, and autonomous rendezvous
and docking maneuvers. Three-degree-of-freedom facilities abide
by double integrator dynamics and use only planar air bearings
on a flat floating surface to achieve translational and rotational
motion. Examples of such facilities include the Naval Postgraduate
School’s Proximity Operation of Spacecraft: Experimental Hard-
ware-in-the-Loop Dynamic (POSEIDYN) test bed [14], Stanford
University’s Formation Flying Testbed [15], the Polish Academy
of Sciences’ Micro-gravity Simulator [16], and the Naval Research
Laboratory’s Gravity Offset Table [17]. Additional capabilities
to test close-range rendezvous, docking, and berthing using three-
degree-of-freedom air bearing facilities are provided by incorpo-
rating six-degree-of-freedom robotic arms mounted on walls,
floors, or rail systems for an extra degree of freedom. Examples
of such facilities include the University of Luxembourg’s Zero-G
Lab [18] and the European Space Agency’s Orbital Robotics and
GNC Laboratory (ORGL) [19] consisting of the Orbital Robotics
Bench for Integrated Technology (ORBIT) flat floor and the GNC
Rendezvous, Approach and Landing Simulator (GRALS) robotic
arm installation. Not all simulators use air-bearing-based systems.
The Synchronized Position Hold Engage Re-Orient Experimental
Satellites (SPHERES) facility [20] was designed to demonstrate
the viability of autonomous proximity operations algorithms. The
facility provided six degrees of freedom to evaluate the spacecraft
dynamics of multiple simultaneous satellite systems in a micro-
gravity environment. Unlike most other simulators, SPHERES
was designed specifically for operation in the Japanese Experi-
ment Module of the ISS. This decommissioned test bed paved the
way to Astrobee [21], the successor proximity operations test bed
onboard the ISS.

Despite these existing test beds and facilities, the full integration
of autonomous computer vision, robotics, guidance, and control
into a meaningful proximity operations and capture scenario has
yet to be experimentally demonstrated. Still, an early cooperative
integrated docking experiment conducted with POSEIDYN [22]
has since been followed by notable uncooperative integrated exper-
iments reported in the literature. In Ref. [23], pose tracking was
demonstrated using the European Proximity Operations Simulator
(EPOS 2.0) at DLR, whereby the servicing spacecraft was equipped
with a monocular camera and an image segmentation method based
on edge detection. Constant distances of 5 and 20 m were held
between the servicer and target. Muralidharan et al. [24] used a
convolutional neural network (CNN) based on Mask R-CNN to
output keypoints and bounding boxes for target pose detection by a
perspective-n-point solver at Zero-G Lab. A linear quadratic regu-
lator was used to track an optimal reference trajectory generated
offline to a final approach of 0.5 m from the target. Finally, Mahen-
drakar et al. [25] used a CNN-based on You Only Look Once
(YOLOVS) to detect and identify features of a satellite mockup
at the ORION laboratory in real time. The relevant information
was transmitted to an Artificial Potential Function guidance algo-
rithm that generated an approach trajectory toward identified cap-
ture features while avoiding collisions with solar panels. None of the
aforementioned demonstrations used a robotic manipulator. Exper-
imental demonstrations of capturing an uncooperative target have
thus far been limited to tentacle robots [26] and a custom grasping
tool [27] (with a stationary target). Neither technique was validated
in a fully integrated GNC architecture.

In this context, the main original contribution of this work is the
development and laboratory demonstration of an integrated deep-
learning-based vision and guidance approach enabling the relative
pose tracking and robotic capture of an uncooperative spinning
target. Note that the term uncooperative refers to a target that is
passively spinning at a constant angular rate, with no communica-
tion means to transmit its own dynamical states to the active and that
is not equipped with fiducial markers [e.g., circular patterns, ArUco
markers, and light-emitting diodes (LEDs)] that help the computer
vision software.

The proposed experiment builds upon previously published
work discussed earlier in this paper by integrating real-time com-
puter vision, advanced path planning, and control methods, pro-
viding a more realistic, yet complex, framework for capturing a
spinning target. Furthermore, the approach leverages state-of-the-
art deep learning techniques, highlighting the ability to adapt to
highly dynamic environments. To carry out the experimental dem-
onstration, Carleton University’s Spacecraft Proximity Operations
Testbed (SPOT) (a new state-of-the-art planar test bed equipped
with a three-link robotic arm, an array of computer vision sensors,
and embedded computing resources capable of executing, in real
time, modern deep-learning-based algorithms and software) is
also introduced in this paper. The laboratory test bed used in this
work not only showcases cutting-edge computing and sensing
capabilities but also emphasizes the advanced robotics integration
required to perform the autonomous capture of a spinning target in
realistic conditions.

The remainder of this paper is organized as follows. First, Carle-
ton University’s planar air bearing SPOT is introduced. Next, the
integrated GNC experiment to demonstrate the advanced capabil-
ities of the SPOT facility is described. The subsequent three sections
review the relative pose determination, pose tracking, and optimal
robotic manipulator deployment algorithms of the proposed GNC
architecture, respectively; Finally, the experimental results are pre-
sented before this paper is concluded.

II. Spacecraft Proximity Operations Testbed

The Spacecraft Proximity Operations Testbed at Carleton Uni-
versity has the following main components: a large gravity offset
table and three spacecraft simulator platforms (chaser, target, and
obstacle) (see Fig. 1). Note that the obstacle platform is not used in
the proposed experiment. This obstacle platform could, for example,
represent other debris while operating on a defunct satellite. This is
particularly true for target vehicles which have been damaged in
some way, where the resulting smaller debris may still be present
around the target and must be safely navigated around. Also shown
in Fig. 1 is the three-link robotic arm installed on the chaser
platform, the female docking port on the target platform, and the
overhead PhaseSpace motion capture cameras. The platforms
use onboard compressed air tanks and air bearings to create a
near-frictionless environment. These platforms are self-contained
and completely autonomous during experiments. An off-board com-
puter is used to upload the GNC software, initiate experiments, and
download the experimental data at the end of each test.

Inspired from recent advances in space-hardened computing and
artificial intelligence (AI) graphics processing unit (GPU) capabil-
ities, [72] the platforms used NVIDIA Jetson Xavier NX Develop-
ment boards, allowing for the execution of guidance and control
commands, navigation filters, and the logging of data while also
providing an interface for the various instruments onboard. The
GNC software is developed in MATLAB® Simulink, where simu-
lations can be performed before running an experiment. Following
simulations, the Simulink diagram is compiled to the onboard
computer. Once compiled, the executable can be initiated using a
custom graphical user interface. Any instrumentation on the plat-
form is integrated into the GNC software using custom Simulink
driver blocks. A high-level overview of the test bed is shown
in Fig. 2.

The platforms are capable of performing a multitude of different
experiments such as tethered stabilization of noncooperative targets,
robotic manipulation tasks, collision avoidance, rendezvous and
docking maneuvers, and vision-based tracking. Several experiments
have already been performed using the facility, including tethered
capture of a spinning space debris [28], pose tracking control using
the Udwadia—Kalaba framework [29], rendezvous and docking
via model predictive control [30], and the adaptive control of a
tendon-driven manipulator [31]. The following subsections provide
further details on the components of the SPOT facility. A summary
of relevant specifications for select components can be found in
Table 1.
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Fig. 1 The spacecraft proximity operations test bed platforms, robotic manipulator, gravity offset table, and overhead motion capture cameras.
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Fig. 2 Block diagram of the spacecraft proximity operations test bed.

A. Floating Surface

Honed by Rock-of-Ages Corporation to U.S. federal “A” specifica-
tions, the 3.5 m X 2.4 m table made from a single slab of solid impala
black granite is within +/— 0.0007 in. flat across its surface and serves
as the interface upon which all spacecraft platforms float. If left uncon-
trolled on the table, the platforms would slightly drift due to residual

gravitational accelerations caused by near negligible surface slope
angles, which perturb the dynamics of the platforms in both directions.

B. Spacecraft Simulator Platforms

Each platform has dimensions of 0.3 m X 0.3 m X 0.3 m and
consists of three easily removable levels. All propulsion-related
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Table 1 Specifications of Spacecraft Proximity Operations Testbed components [G = gripper; RM = robotic manipulator (with gripper); DP =
docking port (electromagnetic); SP = solar panels]

Category Property Chaser (red) Target (black) Obstacle (blue)
Platform geometry Length, width, and height 03mx03mx03m 03mx03mx0.3m 03mx03mx03m
Weight* 12.852 kg 11.896 kg 11.418 kg
Inertia® 0.222 kg - m? 0.208 kg - m? 0.198 kg - m?
Center of mass® (x, y) (0.0089 m, —0.0110 m) (0.0116 m, —0.0141 m) (0.0066 m, —0.0148 m)
Accessory add-ons G, RM, SP DP, SP SP
Platform propulsion and Propellant Air Air Air
air bearings propellant Number of thrusters 8 8 8
Maximum thrust (single axis) 0.25 N 0.25 N 025N
Thruster operating pressure 80 psig 80 psig 80 psig
Number of air bearings 3 3 3
Air bearing operating pressure 60 psig 60 psig 60 psig
Actuators Solenoid valves Solenoid valves Solenoid valves
Dynamixel MX-64 Stall torque (12 V) 6 Nm —_— —_—
No-load speed 63 rpm —_— —_—
Weight 126 g —— —_—
Resolution 0.088° —— ——
Category Property Value

Vision system (ZED 2)

Output resolution

Max. 2 X (2208 x 1242) @ 15 frames/s

Field of view

Depth range
Depth accuracy

Weight

Number of cameras
Capture rate
Tracking precision
Diagram base rate

PhaseSpace Impulse
X2E motion capture

MATLAB® Simulink

Max. 110°(H) x 70°(V) x 120°(D)
0.3 t0 20 m
<5% up to 15 m
166 g

10
Max. 960 frames/s
0.01 mm
Min. 20 Hz-Max. 960 Hz

“Platform properties include a 1.352 kg air tank and exclude all docking hardware and accessories.

N-m: a measure of torque.

hardware, including the high-pressure compressed air tank, is located
on the bottom and sublevels. The battery and required electronics,
the inertial measurement unit (IMU), and the onboard computer
are housed on the center level. The chaser platform contains the
vision system on its top level. The target and chaser platforms further
support docking hardware, including a robotic manipulator and a
docking interface. Solar panels can be mounted on any platform for
additional collision avoidance complexity.

The propulsion system is responsible for the translation and attitude
control of the platforms. Air is delivered to the eight thrusters located
below the lower deck and is passed through nozzles to produce thrust.
Air pressure through the nozzles is 80 psig, which allows the thruster
to produce a peak theoretical thrust of 1 N. However, the actual thrust
from each thruster is greatly diminished by the pressure loss through
the piping, resulting in a thrust closer to 0.25 N.

C. Motion Tracking System

To determine the ground-truth position of the platforms during an
experiment, an array of 10 PhaseSpace motion capture cameras,
some of which are shown in Fig. 1, track the inertial positions of
LEDs, each with their own unique pulse frequency. The reported
resolution of this camera system is 0.01 mm, and position measure-
ments are made in the x, y, and z directions. Each platform has
LEDs located at the corners of its top panel, as shown in Fig. 1.
Using these LEDs, the PhaseSpace software can derive the quatern-
ions of the rigid body to provide a measurement of the attitude as
well as track the center of geometry positions of the platforms in
inertial space.

D. Computer Vision

The vision sensor suite is located on the top level of the chaser
platform and provides various sensors for relative navigation capa-
bilities. A ZED 2 stereo camera connected to the onboard vision
computer, an NVIDIA Jetson TX2 development board, via Universal
Serial Bus (USB) is used alongside vision-based algorithms. The
camera is equipped with a wide-angle eight-element all-glass dual

lens with optically correct distortion. The field of view is
110°(H) x 70°(V) x 120°(D). Videos can be recorded at a maxi-
mum resolution of 2208 x 1242 pixels per lens at a rate of 15
frames/s. An ICI 9320P thermal camera provides infrared imaging
capabilities to detect temperature variations and thermal signa-
tures. This thermal camera enhances the platform’s ability to
operate in low-visibility conditions and aids in target identification
and tracking [32-34]. In addition to the two aforementioned
camera sensors, the vision sensor suite also includes a Garmin
LIDAR-Lite v3 Laser Rangefinder. This sensor is a high-
performance, compact light detection and ranging (LIDAR) that
provides precise distance measurements. It operates with a range
of up to 40 m and a resolution of 1 cm and can thus provide reliable
distance data for real-time path planning and collision avoidance.

E. Robotic Manipulator System

The robotic manipulator as shown in Fig. 1 consists of a com-
mercial-off-the-shelf robotic arm, modified to ensure compatibility
with the spacecraft platform as well as to improve the overall
rigidity of the linkages. The completed manipulator consists of
two linkages attached in series followed by an electromagnetic
gripper attached to the distal link. Once the gripper is inserted into
the electromagnetic docking port on the target platform, a rigid
capture is achieved. Each joint is actuated using a Dynamixel MX-
64 actuator. The physical specifications of the manipulator arm are
given in Table 2, in which q; is the distance from joint i to the
center of mass (COM) of linkage i and b; is the distance from the
COM of linkage i to joint i 4+ 1. A diagram of these parameters can
be found in Ref. [35].

F. Inertial Measurement System

All three platforms are equipped with a BMI160 IMU connected
to the onboard computer through general purpose input/output
(GPIO) pins with communication achieved using inter-integrated
circuits (I2C). These IMUs are used primarily to measure
the angular velocity of the platforms. Validation of the sensors
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Table 2 Parameters of the robotic manipulator and red platform

Body

number
Body i ¢, deg  a,m  b,m mykg I, kg-m?
Base 0 68.284 — — 0.2304 Refer to Table 1
platform
(red)
Link #1 1 —— 01933 0.1117 0.3377 3.750x 1073
Link #2 2 — — 0.1993 0.1057 0.3281 3.413x 1073
Link #3 2 —— 00621 0.0159 0.0111 5.640%x 107>

kg-m% a measure of inertia.

was performed through experimentation, and the precision of the
sensors was found to exceed the performance of the PhaseSpace
system. The noise density of the BMI160 gyroscope measurement
was calculated to be 0.0008°/s/+/Hz, which is magnitudes lower
than the noise density of the PhaseSpace system (calculated to be
0.0146°/s/+/Hz). This increased noise is due to the PhaseSpace
measurement being a derived value obtained from taking the deriva-
tive of the angular position data.

G. Control Actuation

The opening and closing of the thrusters is controlled by normally
closed solenoid valves. Valves are opened in less than 10 ms through
the application of 12 volts of direct current (VDC). Each solenoid is
driven by a power metal-oxide-semiconductor field-effect transistor
(MOSFET), which is controlled using the onboard computer. Through
intelligent on/off cycling of valves, it is possible to achieve any force
or torque within the feasible limits of the actuators. To convert control
forces and torques into an on/off command sequence, a control mixer
was developed. The control mixer translates desired control inputs into
individual commands for each thruster using pulse-width modulation
(PWM). The implementation of PWM involves generating a high-
frequency signal that switches the solenoids on and off to control the
average power delivered to the thrusters.

Calculating the required duty cycle for the PWM command is
done within the main Simulink diagram. The desired duty cycle is
then sent to the thruster actuators through a Python script, which
converts the duty cycle to the required on/off command. The control
mixer starts by generating the thruster allocation matrix H, which
maps the thruster configuration to the control forces and torques.
This matrix is computed based on the thruster positions and their
maximum force outputs. Given that H is generally nonsquare, a
pseudoinverse of H is used to ensure feasible solutions for actuator
commands. The thrust decay factor, which accounts for the decrease
in thruster output when there are multiple thrusters open simulta-
neously, is also included in the calculations and is derived from the
average duty cycle of the thrusters. The system adjusts the thruster
commands to ensure all fall within operational limits, achieved by
scaling the PWM values and removing negative values. This process

Target Pose Determination
and Tracking

Initial Positions

involves saturating the thruster outputs and calculating the effective
operational time for each thruster.

The SPOT facility as described in this section is used to validate
the integrated GNC architecture presented in the remainder of this

paper.

III. Deep-Learning-Based Architecture for
Autonomous Spacecraft Capture

In this section, a deep-learning-based robotic capture maneuver
of an uncooperative spinning target is developed to highlight the
advanced capabilities of the SPOT facility in the areas of optimiza-
tion and deep learning algorithms. More specifically, the experiment
involves the use of optimal robotic manipulator deployment strate-
gies for minimal attitude displacements of the chaser platform and
deep learning methods for both the real-time pose determination
of the target platform and the pose tracking guidance of the chaser
platform.

A. Deep-Learning-Based Robotic Capture Maneuver

As illustrated in Fig. 3, the proposed experiment can be divided
into four phases, defined as follows:

1) During the preexperiment step, the target platform is com-
manded to move to its initial position located on the center of the
floating surface. During this phase, the robotic manipulator on the
chaser is stowed, and the chaser holds its initial condition 1.43 m
away from the target with its stereo camera pointing toward the target.

2) Next, the experiment proper begins where the attitude of the
target platform is actively controlled to replicate the behavior of a
spinning spacecraft rotating at 2.86°/s, slightly more than the
nominal spin rate for Envisat [36]. At the same time, the chaser
uses its computer vision system to determine, onboard and in real
time, the pose of the target. Using this determined pose, the deep-
reinforcement-learning-based guidance strategy outputs desired
acceleration signals for an onboard controller on the chaser to track.
These acceleration signals autonomously and safely guide the
chaser to circle around the target with a relative offset of 0.9 m,
while in alignment with the target’s docking port.

3) Once the chaser is properly aligned with the spinning docking
port of the target, the robotic manipulator is deployed from its
stowed configuration into its docking configuration. During the
deployment, the active attitude control via the deep-reinforcement-
learning-based guidance strategy is disabled; instead, the platform
attitude is indirectly controlled via the motion of the manipulator.
The robotic manipulator follows a trajectory generated by a Gauss
pseudospectral optimal guidance and control technique that min-
imizes the angular acceleration of the chaser platform during the
deployment and also ensures the final pose of the chaser platform
after deployment is aligned with the target.

4) Once the manipulator is deployed and well-aligned with
the target’s docking port, active attitude control via the deep-
reinforcement-learning-based guidance strategy is restored and

Optimal Manipulator
Deployment

Capture and
Manipulator Retraction

[:. i~

8

ﬁi ol
"

—————————

Fig.3 Proposed experiment: the preexperiment initial positions (left), deep learning target pose determination and pose tracking (center left), optimal

manipulator deployment (center right), and target capture (right).
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Fig. 4 General overview of the software architecture (DL, deep learning).

a final manipulator extension accomplished using a transpose
Jacobian control law is performed to magnetically capture the
target. Once a rigid connection is established, the manipulator
retracts to complete the docking maneuver by pulling the target
into a captured position.

B. Integrated Architecture

As indicated in Sec. I, the different algorithms introduced in the
work are integrated into a custom MATLAB® Simulink diagram.
Broadly speaking, the Simulink diagram is subdivided into phases
and subphases. A high-level view of what is included in each of
these is presented in Fig. 4.

To be more specific, the core algorithms in this work are located
within Phase #3 and follow the layout described in Sec. III.A. The
exception is the stereovision-based pose determination algorithm,
which is not executed within the MATLAB® Simulink software;
rather, it is executed using a Python script located on a standalone
embedded computer, the Jetson TX2 which is labeled as the On-
Board Vision Computer in Fig. 2. The determined pose is sent to
Jetson Xavier, labeled as the On-Board Control Computer via user
datagram protocol (UDP) to the deep reinforcement learning guid-
ance algorithm to calculate the desired accelerations. The control
input is then obtained from the known mass matrix for the chaser.
The pose determination and guidance algorithms are always running
throughout the subphases, except during Subphase #3 where the
manipulator is deployed. During this subphase, the attitude control
is disabled so that the effect of the manipulator deployment on the
chaser attitude can be observed.

IV. Stereovision-Based Uncooperative Pose
Determination

Before an autonomous chaser spacecraft can plan and execute,
in real time, its approach and capture actions, it must have knowl-
edge of the pose of the target object. To determine the pose of the
target object, the chaser spacecraft uses data collected from its
onboard navigation sensors, e.g., visual, infrared, LIDAR, and so
on devices. Today, cameras are quickly becoming the preferred

sensor as compared to traditionally expensive LIDAR devices,
enabling advancements in machine vision algorithms and space-
grade computation.

Recently, advancements in machine learning, and specifically
CNNss, have revolutionized the field of computer vision beyond the
capabilities of traditional vision processing techniques. The avail-
ability of large data sets and powerful embedded processors has
naturally led to CNNs being at the forefront of modern vision
processing, especially as CNNs exhibit increased robustness under
adverse lighting conditions and an overall reduction in computa-
tional complexity as compared to traditional feature-based meth-
ods [37-39]. The model-free pose determination problem of
an uncooperative spacecraft as seen using a monocular camera
has been tackled in the literature using heat-map-derived feature
covariance representations [40] and, in a more traditional manner,
feature recognition [41-43] using pretrained CNNs. Using a pre-
trained network as a baseline network, and further training the
model using synthetic images of small spacecraft platforms, aids
in overcoming the limited amount of space image training data
available.

A well-known problem suffered by monocular cameras is scale
invariance, which is solved through the use of stereovision cameras
that can additionally resolve depth information at a fraction of the
cost of LIDAR systems. To this end, a novel stereovision-based
CNN was proposed by Despond and Ulrich [44] and was success-
fully demonstrated to achieve real-time target pose determination
using Carleton University’s SPOT. As a result, this CNN-driven
stereovision pose determination system is implemented in the GNC
architecture developed in this paper.

In this section, the stereovision-based CNN that determines the
relative planar pose (x, y, and ) of the uncooperative target platform
with respect to the chaser platform is summarized. In brief, stereo
images captured using a camera onboard the chaser platform are
used as inputs into the trained CNN. The output of the network is a
confidence score indicating the certainty that the target is within the
view of the camera. Additionally, the network provides the position
and attitude of the target relative to the chaser when the confidence
score is sufficiently high.
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A. Network Architecture

The stereovision-based CNN, as shown in Fig. 5, consists of
four major sections. The first is the image capture and preprocess-
ing step, which takes a pair of stereo images from the camera,
resizes them to be a square 320 X 320 pixels, and converts them to
grayscale. By reducing the dimensions of the stereo images in this
way, the resulting CNN can be relatively smaller and faster, which
is necessary for real-time implementation on an embedded plat-
form. Additionally, the grayscale images are stacked one on top of
the other to create a single two-channel image, a novel feature in
the area of stereovision-based pose determination introduced in
Ref. [44]. By doing so, the disparity between the two stereo images
that compose a single two-channel image is considered in the
architecture of the CNN without any additional work.

The second section of the CNN shown in Fig. 5 is a multikernel
layer that processes the two-channel image using three different
sized filters. This multikernel layer aims to extract additional spatial
information from the raw image, thereby reducing the overall net-
work size. A similar architecture is used by the Google Inception
network [45]. For each of the 1 X 1, 3 X 3, and 5 X 5 kernels, there
are 32 filters that operate on the image with appropriate stride
and padding values such that the output image retains a 320 x 320
size. The output of all filters is concatenated to a single tensor of
dimension 320 x 320 X 96.

The third, and core, section of the CNN shown in Fig. 5 takes
inspiration from the YOLOV2 [46] architecture and consists of 10
convolutional layers with 1 X1 filters that compress the feature
map between 3 X 3 convolutions [47]. Similar to YOLOV2, the filter
number doubles after each pooling layer; however, the final three
convolutional layers have a restricted number of filters in order to
limit the size of the network.

Finally, the fourth section of the CNN shown in Fig. 5 contains
four separate dense (fully connected) networks, each with two
layers, that calculate the relative planar pose and a target detec-
tion confidence score quantifying whether the target platform is
within the field of view of the stereo camera or not. To obtain the
relative position components, x and y, the dense network con-
taining 128 nodes is connected to the second layer containing
only one node. The second layer is paired with a linear activation
function to generate an unbounded output suitable for resolving
positions not seen in training. To obtain the relative attitude com-
ponent 0, the first layer of 256 nodes is connected to a second
layer of 128 nodes, which is paired with a softmax activation
function to output the probability of the relative orientation of the
target with a resolution of 2z/128 rad. Increasing the number of
nodes in these layers has the potential to improve accuracy, but at
the expense of a larger network. To obtain the target detection
confidence score, the first layer of 32 nodes feeds into the second
layer consisting of a single node paired with a sigmoid activation
function that outputs a bounded value between O and 1. If the
target is in frame, a 1 is expected; otherwise, a value closer to 0
will be output.

In all sections of the network, convolutional layers employ
a leaky Rectified Linear Unit (RELU) activation function, which
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is used to tackle the well-known vanishing gradient problem
[48]. All dense layers use the Exponential Linear Unit activation
function, unless otherwise specified. The CNN was developed
in Python using TensorFlow 2.0 [49]. The resulting CNN is of
a similar size to existing end-to-end CNN pose determination
method [50]; it contains approximately 29 million trainable param-
eters, which is comparable to the current range of existing
CNNs (which have a range of approximately 7 to 52.5 million
parameters).

B. Custom Data Set and Network Training

Details on the data collection methods and network training can
be found in Ref. [44]. In brief, the stereovision-based CNN was
trained in two stages using a custom spacecraft stereo imagery data
set created for SPOT. The first stage focused on training the three
relative pose outputs using images containing the target platform
while holding the dense layers associated with the target detection
confidence score constant. The target detection confidence layers
were trained in a like, but opposite, manner using images both with
and without the target platform in frame. To improve generaliza-
tion of the network, both stages of training implemented dropout
layers in between each dense layer. To better generalize the net-
work to different lighting conditions, the brightness of the images
was randomly adjusted by a maximum of 25% of their original
values. Network training continued until the validation error no
longer improved after two iterations.

V. Deep Reinforcement Learning Guidance

The chaser spacecraft uses the target object’s pose information
obtained from its navigation system in its online guidance algo-
rithm. For spacecraft proximity operations and docking, the guid-
ance algorithm’s objective is to reduce the relative motion between
the two bodies, typically subject to constraints on the dynamical
motion, available thrust, and when applicable, obstacle keep-out
zones.

A key challenge in developing a guidance system is balancing
the ability to handle complex tasks, dynamics, and/or environments
whilst being restricted to a tight computational budget. As a conse-
quence, researchers have turned to machine learning to train neural
networks (the universal function approximators) to complete difficult
guidance tasks. Evaluating neural networks, once trained, is as simple
as evaluating a series of multiplication and addition operations, which
offers an appropriate computational load for spacecraft embedded
computers.

The use of deep reinforcement learning (DRL) to train guidance
policies for spacecraft proximity operations has remained largely
unexplored. DRL attempts to discover a policy that maps observa-
tions to actions. The observation can be the system state, or it may
be any signal within which the state of the system can be inferred.
The action is the chosen decision that is relayed to the environment
at each time step. The environment executes the action and returns
a new observation to the policy. The environment also returns a
scalar reward signal, with positive rewards for good outcomes and
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negative rewards for poor outcomes, which the policy uses to infer
the desired actions to take from a given observation. Through trial
and error, the policy can learn the desired behavior that is dictated by
the reward function. Using this technique, the designer only needs to
specify a reward function that encourages the desired behavior; the
designer does not need to handcraft the behavior themselves. This
simultaneously removes some engineering effort associated with
designing behaviors for robots and allows for complex, unbiased
behaviors to be learned entirely from scratch.

Guidance policies that directly output thrust commands for three-
[51] and six-degree-of-freedom [32] rendezvous and docking maneu-
vers were trained using Proximal Policy Optimization [53]. The first
experimental demonstration of a DRL-based guidance algorithm
for spacecraft proximity operations was presented by Hovell and
Ulrich [54], who developed a guidance policy trained via the Dis-
tributed Distributional Deep Deterministic Policy Gradient (D4PG)
algorithm [55]. Additional experiments by the authors demonstrating
manipulator-based capture [56] further showed the network’s ability
to handle significant uncertainties in the states of both the chaser and
target platforms during runtime.

In this work, the deep-learning-based guidance algorithm is
inspired by the approach developed by Hovell and Ulrich [54]. A
guidance policy is trained that takes as input the chaser absolute
position and velocity; target relative position and absolute angular
rate; and the desired relative position, velocity, and orientation of
the chaser with respect to the target and generates acceleration
commands tracked by a conventional controller to cancel the rela-
tive motion between the spinning target and chaser spacecraft at a
standoff distance of 0.9 m.

A. Deep Guidance

The use of DRL enables a spacecraft to learn problem-solving
abilities without being explicitly programmed, completing tasks that
were previously unsolvable. Even with recent advances in DRL
algorithms, however, it still takes hundreds or thousands of attempts
before the trial-and-error nature of the learning succeeds. Therefore,
it is not feasible to train onboard the spacecraft platform due to
time considerations. Instead, training must occur in simulation
and the resulting policy be transferred to the spacecraft. This tech-
nique often fails due to the simulation-to-reality gap [57], which was
addressed by the SPOT facility by developing the Deep Guidance
[54] technique.

Briefly, a DRL policy, when applied to robotics, typically receives
an observation and calculates a control effort that is commanded to
the onboard actuators. However, the simulation-to-reality gap states
that models trained in simulation often fail once deployed to reality
because the simulated dynamics can never perfectly model the real-
world dynamics. For this reason, the Deep Guidance method was
developed [54] by taking inspiration from Harris et al. [58] to restrict
the DRL policy to perform guidance only. However, unlike Ref. [54],
which used a velocity-based proportional-derivative (PD) control law
to track the desired velocity generated by the Deep Guidance policy,
this work proposes a simpler acceleration-based feedforward strategy.
The guidance policy is fed an observation o at time step ¢ and
generates an acceleration command a, which is used by a conventional
feedforward controller to calculate a control effort u, via u = Ma
where M is a diagonal matrix containing the mass and inertia proper-
ties of the chaser spacecraft. This control effort is executed on the
dynamics to produce the next observation.

B. Reward Function

To encourage the chaser to learn to autonomously track a spinning
target at a standoff distance of 0.9 m from which the robotic manipu-
lator may be deployed for capture, a sparse reward function is used.
Sparse reward functions only deliver rewards to the agent upon the
satisfactory completion of the behavior; rewards are not given at each
time step to encourage the learning of a specific behavior.

The desired inertial position of the chaser x, is

xg =[x ¥ 9,]T—|—[—sin(9,)rd cos(0,)ry _”/Z]T (L

where x; and y, are the Cartesian inertial coordinates of the target, 9,
is the target’s orientation, and r; is the desired standoff distance
(0.9 m in this example). The sparse reward function at time step ¢
outputs a scalar reward r following

r=[125 125 5](x.—x,)<[005m 0.05m 2 deg]’]
@3

where x, =[x, y, 6.]" is the actual chaser’s inertial position
and orientation; the logical statement along each axis evaluates
to a 1 or O, thereby enabling/disabling that specific reward in the
expression.

C. D4PG Implementation

Among the many learning algorithms available, the D4PG [55]
algorithm was implemented because it is deterministic and continu-
ous and can be trained in a distributed manner. During training,
10 agents run simulations in parallel to generate training data. The
policy and value neural networks are equipped with 400 and 300
neurons in their first and second hidden layers, respectively. The
RELU activation function is used in all hidden layers, except a
tanh function is used as the output of the policy to ensure the
commanded accelerations are bounded and a softmax function is
used as the output of the value network to ensure its output is a valid
probability distribution. Fifty-one evenly spaced bins are used,
distributed across the range [—100, 750] for the value network
output. The policy and value networks are trained using the Adam
[59] stochastic gradient-descent optimization routine with learning
rates of 0.0001. Observations input to the policy are normalized to
avoid the vanishing gradients problem. The replay buffer holds 10°
samples, of which batches of 256 data points are drawn from during
each training iteration. A discount factor of 0.99 is used, along with
an N-step return of 5. The standard deviation of the noise applied
to the output of the policy to encourage exploration is one-third of
the action range. After every five training simulations, an additional
simulation is run without any exploration noise applied to the policy
in order to allow for policy performance during training to be pro-
perly evaluated. The neural networks were generated and trained in
Python using TensorFlow 1.0.

VI. Optimal Robotic Manipulator Deployment

Using a robotic manipulator to grapple and capture a target object
is a complicated problem because the robotic manipulator and chaser
spacecraft base form a nonlinear coupled system. Because of con-
servation laws, extending a manipulator arm produces an attitude
disturbance to the base, which may cause communication failures to
ground stations or destabilization of the spacecraft. The base space-
craft can be actively controlled through reaction wheels or thrusters to
remain stationary throughout the manipulator motion (free-flying
scenario); however, the aerospace community generally agrees that
the base of the chaser spacecraft should be allowed to move freely
(free-floating scenario) during robotic capture maneuvers so as to
reduce the risk of unexpected responses of the attitude control system
as well as reduce unnecessary actuation and propellant usage [60].
See Ref. [60] for a survey on guidance and control techniques of
spacecraft robotic manipulators.

The primary concern facing free-floating robots that has been
addressed in the literature is to minimize the attitude disturbances
on the base spacecraft caused by the robotic manipulator motion. This
concept of disturbance minimization can also be applied to free-flying
robots, which reduces the required actuation and propellant usage
applied to the spacecraft base to maintain its orientation. The most
common approach to solving this issue is through trajectory planning
of the robotic manipulator. Indeed, the final orientation of the base
spacecraft depends on the path taken by the robotic manipulator. Thus,
through carefully considered robotic manipulator motion, the orienta-
tion of the base spacecraft may be indirectly controlled. Several
approaches to solving the free-floating/free-flying trajectory planning
problem have been proposed, including a virtual manipulator [61], a
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Generalized Jacobian Matrix approach [62], and a reaction null space
theory [63,64]. Optimal control approaches have also been proposed
that typically minimize the operation time, joint actuation cost, base
disturbance throughout or at the maneuver termination, and/or length
of the manipulator motion path [65-67]. The experimental valida-
tion of optimization-based methods is uncommon due to their
high computational demand; however, Crain and Ulrich [35]
successfully validated a pseudospectral-based method using
Carleton University’s SPOT facility. Contrary to similar works
[65,66], the endpoint attitude of the base is minimized rather than
a running cost, allowing for a greater range of potential trajecto-
ries and thus reducing the overall computational effort required to
converge to a solution.

In this work, the optimal manipulator deployment algorithm
developed by Crain and Ulrich [35] is modified for the integrated
GNC scenario. As previously described, the manipulator will be
deployed during a tracking maneuver, presenting a new challenge
that is not present in the original work. As such, the Mayer and
Lagrange components of the optimal control problem must be
modified. The Mayer component remains similar to the work by
Crain and Ulrich; however, the final target attitude is not the same
as the initial attitude before deployment. Instead, the final attitude
is offset to account for the change in attitude which occurs during
the tracking maneuver. Similarly, the Lagrange component, which
was not used in the original work, is used to encourage a trajectory
that minimizes changes in the angular rate of the spacecraft. Both
of these combined result in a deployment which minimizes the
number of required adjustments from the actuators.

A. Dynamics Model

As previously discussed, a space robot is a coupled system consist-
ing of the spacecraft base and manipulator. The nonlinear dynamics
equation of a rigid multilink robot can be derived using the system’s
kinetic and potential energies defined in terms generalized coordinates
q (see, e.g., Ref. [68]). The dynamics for any n-link serial manipulator
can be written in the intuitive matrix form M(q)§ + C(q,q)q = t,
where M(q) is the inertia matrix, C(q, q) is the centrifugal or Coriolis
matrix, and 7 is the vector of generalized forces and torques. The
equations are further partitioned according to Ref. [69]; note that the
form of this model that is specific to the SPOT facility will not be
presented here but can be found in Ref. [35].

B. Optimal Trajectory Problem

In its general form, an optimal guidance/control problem is
formulated so as to minimize a cost function subject to system
dynamics and boundary conditions. The optimization problem for
this work is written as follows: minimize

J(x.%,7) = (qo(ty) — qo(10))* + /tf (G(n)*dr (3

subject to

M(9)g+Clg.9)q=7 (3b)

x(ty) = [0.8 m, 1.2 m, 27 rad, z/2 rad, #/2 rad, 0 rad]”
x(tp) = [6 mm/s, —46 mm/s, 0.05 rad/s, 0 rad/s,
0 rad/s, 0 rad/s]”
Xee(ty) = —=0.08 m
Yee(ty) = 0.70 m
Xy(tp) = —0.08 m
x(ty) = [21 mm/s, —29 mm/s,0.05 rad/s, 0 rad/s,
0 rad/s, 0 rad/s]”

(o)

=30 Gd)

luy| <05N
lu,| <05 N
’ (e)
Ty = ON-m
lr;] <0.05N-mVi=123
|g;| <#/2rad Vi =1,2,3 (30)

The cost function in Eq. (3a) for the optimal deployment of the
manipulator is defined to accomplish two goals. The first goal is to
minimize the error in the attitude of the base spacecraft g, from its
initial position at 7, at the end of the maneuver (at ¢), knowing that
the final attitude of the spacecraft must be go + ¢o(t; — ). The
second goal uses the Lagrange component to maintain a constant
angular velocity ¢g. The system is subject to the dynamic constraints
Eq. (3b) for the free-flying robot, and kinematic constraints Eq. (3c)
on the inertial states x = [xy Yo g0 ¢1 g2 ¢3]" and their derivatives
at time #,, on the final end effector and wrist pose (X,., Ve, Xy ), and
additionally on the final state derivatives to ensure that the system
is moving at the desired velocities by the end of the maneuver,
defined in Eq. (3d). The control and path constraints are specified in
Eqgs. (3e) and (3f), respectively. The maximum inertial forces u, and
u, on the body of the spacecraft are bounded by the physical limits
of the thrusters. The controls z; and states ¢; for the manipulator
links i = 1,2,3 are bounded by knowing the physical limits of the
manipulator. The allowable torque 7, on the body is fixed to be
0 N - m to keep the attitude uncontrolled. Any states and controls
not listed in the constraints section are to be considered uncon-
strained. The optimal trajectory problem is solved within the
MATLAB® Simulink environment using the commercially avail-
able optimization tool Sparse Nonlinear Optimizer (SNOPT) via a
direct transcription method called the Gauss pseudospectral
method.

VII. Experimental Results

For the proposed experiment, Table 3 outlines the initial pose for
both the chaser and the target in the inertial frame.

Table 3 Initial conditions
of the platforms in experiment

Platform X, m y, m 0, deg
Chaser 3.06 0.61 180
Target 1.75 1.21 —180
T
Phase 1:
Deep Learning
2t Pose Determination _|
) and Pose Tracking
E 1.5 Phase 2: b
? Optimal X H
S Manipulator
Z Deployment
o
~ 1 B
>
0.5 1
Phase 0:
Capture and Retraction Initial Position
0 I I I I I

|
0 0.5 1 1.5 2 25 3 35
X Position [m]

Fig. 6 Visual representation of the successful tracking, deployment,
and capture experiment.
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a) Phase 0: Initial position

¢) Phase 2: Optimal manipulator deployment

¢) Phase 3b: Manipulator retraction

Fig.7 Frames captured during the experiment from an overhead camera (left) and the ZED 2 camera (right) with pose determination overlays added

in postprocessing using logged experiment data.

A video of the fully integrated experiment can be found online
https://youtu.be/egv2pmCyzIM=. A visual representation of the
experiment, generated using data from the experiment, is provided
in Fig. 6. As shown in this figure, the chaser platform successfully
completes the capture and retraction maneuver of the spinning
target platform through the three-phase approach incorporating

**Video available online at https://youtu.be/egv2pmCyzIM.

deep learning pose determination and tracking and optimal robotic
manipulator deployment.

Figure 7 displays images captured during the successful experi-
ment. The left column features images obtained using an over-
head camera, while the right column shows images from the
ZED 2 camera. Information overlays on the ZED 2 frames were
added postexperiment to visually demonstrate the stereovision-
based CNN pose determinations.

The error in the relative pose determined from the stereovision-
based CNN compared to the PhaseSpace motion capture system


https://youtu.be/egv2pmCyzJM
https://youtu.be/egv2pmCyzJM
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through all phases of the experiment is presented in Fig. 8. Aside
from the errors when the target detection confidence value is
low, the largest errors in the pose determination are seen when the
chaser begins moving toward the target at the start of Phase 1 and
also during the manipulator retraction during Phase 3b, implying
the error is a function of the relative separation and velocities
of the platforms. The root-mean-squared error (RMSE) of the
stereovision-based CNN estimates, with a 95% confidence interval
obtained using bootstrapping, are 2.67 £ 0.04 cm, 3.93 £+ 0.09 cm,
and 2.51 £ 0.09 deg for x, y, and 6, respectively. Measurements
collected when the target detection confidence value was below
0.95 were not included in the RMSE.

The distance and orientation of the chaser relative to the target
through all phases of the experiment as a function of time are pre-
sented in Fig. 9. As previously mentioned, the standoff distance
during the experiment was set to 0.9 m to ensure adequate space of
the manipulator deployment while staying within the bounds of the
gravity offset table. The attitude offset was set to —90 deg to ensure
the ZED 2 camera would be pointing toward the target platform
when in front of the target’s docking port.

During Phase 1, once the chaser reached its nominal tracking
position, the standoff distance achieved during experiment was
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Fig. 8 Relative pose determination error of the stereovision-based
CNN and associated target detection confidence value.
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Fig. 9 Distance and orientation of the chaser relative to the target
throughout all phases of the experiment.

0.96 + 0.02 m, and the attitude offset achieved was —89.2 +
0.7 deg. During Phase 2, the optimal manipulator deployment per-
turbed the final attitude offset of the chaser by 0.2 deg from its initial
attitude offset. The minimum (maximum) attitude offset during Phase
2 was —85.9 deg (—90.8 deg). In Phase 3, the maximum separation
of the chaser and target during capture was 1.05 m, and manipulator
retraction subsequently brought the separation to 0.72 m.

VIII. Conclusions

This paper presents a comprehensive approach to the autonomous
robotic capture of an uncooperative spinning spacecraft, integrating
deep learning and optimal control techniques within a unified exper-
imental framework. The key contribution of this work is the success-
ful demonstration of an integrated guidance, navigation, and control
architecture that combines a convolutional-neural-network-driven
stereovision system for real-time pose determination, a deep-
reinforcement-learning-based guidance algorithm for relative pose
tracking maneuvers, and a Gauss pseudospectral method for opti-
mal robotic manipulator deployment.

The integrated GNC architecture was experimentally validated
using Carleton University’s Spacecraft Proximity Operations Testbed,
a state-of-the-art planar test bed formally introduced in this paper. The
experiments demonstrated the system’s ability to track the relative
pose of a spinning target, optimally deploy a robotic manipulator with
minimal attitude disturbances, and successfully capture the target.
The results showed that the developed deep learning algorithms and
control strategies are computationally simple and can operate in real
time on embedded hardware, achieving a high degree of accuracy and
reliability.

Ultimately, it is expected that experimental results presented in
this work will improve the confidence in computer-vision-driven
deep learning GNC techniques so that they can be applied in
upcoming spacecraft proximity operations. In this context, future
work will focus on the six-degree-of-freedom validation of the
presented methods as well as evaluate their performance in com-
parison to classical GNC techniques.
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