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11
Highlights 12
What are the main findings? 13

e uVGS-2 provides accurate six-degrees-of-freedom pose estimation in drone and ro- 14
botic platforms by photogrammetric processing of known beacon geometries, achiev- 15
ing centimeter-level position accuracy and sub-degree attitude estimation errors in 16
real-time, under varying lighting conditions. 17
° uVGS-2, in sensor fusion with the onboard localization system, has been experimen- 18
tally demonstrated in NASA’s Astrobee free-flying robot, with real-time deployment 19
using camera and CPU of the host robot, and improved robustness and higher accu- 20
racy compared to Astrobee’s native map-based localization system. 21

What are the implications of the main findings? 22

e uVGS-2 enables low-cost, low-mass 6-DOF estimation solutions for drones, space- 23
craft and mobile robots, supporting proximity operations such as rendezvous, dock- 24
ing, formation flight, precision landing in GPS-denied environments, and re-locali- 25
zation when used in fusion with other localization methods. 26
e The sensor fusion of vision-based sensing with onboard state estimation enhances 27
robustness, accuracy and scalability, allowing deployment across platforms while re- 28
ducing or eliminating dependency on external positioning systems. 29

Abstract 30

This paper presents the micro—Video Guidance Sensor-Version 2 (uVGS-2), a ROS-based 31
vision navigation framework for real-time six-degrees-of-freedom (6-DOF) pose estima- 32
tion in drones, spacecraft, and autonomous robotic platforms operating in GNSS-denied 33
environments. The system evolves from the previous Smartphone Video Guidance Sensor 34
(SVGS) architecture through a modular C++ implementation, including advanced image 35
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Ae“se | Ze preprocessing, deterministic blob sorting, and an optimized Perspective-4-Point solver 36
ccepted: date

Published: date using a Lie-algebra-based analytical Jacobian formulation. The proposed architecture 37

achieves computationally efficient photogrammetric state estimation using onboard cam- 38
era and processor resources, enabling deployment in resource-constrained systems. Ex- 39
perimental validation was conducted in NASA’s Astrobee free-flying robot, both at the 40
International Space Station (ISS), for SVGS, and by ground testing through real-time sen- 41

Copyright © 2026 Florida Institute of Technology. This material is based upon work supported by the National Aeronautics and Space Administration (NASA) under Cooperative Agreement 80NSSC24M0057.

Drones 2026, 10, x https://doi.org/10.3390/xxxxx


ibertask
Rectangle

ibertask
Rectangle


Drones 2026, 10, x FOR PEER REVIEW 2 of 30

sor-fusion with Astrobee’s graph-based localizer (Astroloc), for uVGS-2. Results demon-
strate robust centimeter-level accuracy in relative position and attitude estimation under
illumination disturbances, partial occlusions, and intermittent loss of line-of-sight. The
framework can be used in autonomous UAV operations, including precision landing, for-
mation flight, and cooperative navigation in environments where GNSS signals are una-
vailable or intermittent.

Keywords: drones, vision-based 6-DOF pose estimation, autonomous proximity opera-
tions; photogrammetric state estimation; navigation in GPS-denied environment; robotics

1. Introduction

The Smartphone Video Guidance Sensor (SVGS) is a vision-based relative pose esti-
mation system developed for autonomous proximity operations in aerospace robotic plat-
forms. The system estimates the 6-DOF pose of a target in the camera’s coordinate system
using monocular imagery from a smartphone camera, enabling real-time determination
of relative position and orientation without the need for ranging hardware [1]. SVGS relies
on the detection of retroreflective or illuminated fiducial markers arranged in a predefined
geometric pattern. The approach substantially reduces mass, power consumption, and in-
tegration complexity, making SVGS particularly suitable for resource-constrained appli-
cations such as CubeSats, free-flying robotic platforms [2], unmanned aerial vehicles [3],
and autonomous mobile robots. Pose estimation is based on photogrammetric reconstruc-
tion, where images from the target markers are used to infer the relative spatial configu-
ration between the camera and the target structure. Fiducial points in the image are pro-
cessed as geometric features whose spatial relationships are known. The use of monocular
vision simplifies hardware implementation while maintaining sufficient accuracy for
proximity operations [4,5]. To improve detection and attitude estimation, the fiducial tar-
gets follow a tetrahedral geometry, which provides better performance than flat targets
such as Apriltags [6]. SVGS images are processed through thresholding and segmentation
to isolate target blobs from the background environment, determine centroid locations
and validate blob morphology prior to geometric correspondence analysis. The relative
pose is estimated by a photogrammetric procedure that minimizes reprojection error. The
estimated 6-DOF pose can be integrated to support autonomous maneuvers and relative
motion control in spacecraft [6,8,15,16], and has been successfully demonstrated in preci-
sion drone landing missions [14,18,38].

The main contributions of this paper to the state-of-the-art are:

e A vision-based pose estimation engine is proposed (uVGS-2) that mitigates geomet-
ric degeneracies in the solution of the P4P pose estimation problem, and operates
with low computational overhead on resource-constrained embedded platforms.

e uVGS-2 can be deployed as a ROS node in drone and mobile robot applications,
using hardware resources (camera and CPU) from the host drone or robot.

e uVGS-2 has significantly better performance than existing vision-based pose esti-
mation techniques (such as Aruco or Apritags) in the estimation of attitude angles,
and is significantly more robust to local illumination conditions.

e uVGS-2 can be used in conjunction with the host robot’s localization scheme as part
of a sensor fusion formulation, which mitigates the effect of beacon occlusions, loss
of line of sight, and loss of beacon detections.

e SVGS and uVGS-2 have been deployed and successfully demonstrated in NASA's
free-flying Astrobee platform, in both the International Space Station (SVGS) and
ground testing at NASA Ames’ Granite Lab (uVGS-2).
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e Astrobee deployment demonstrated successful integration of uVGS-2 with Astro- 91
bee’s multi-sensor factor-graph localization framework (AstroLoc), showing resili- 92
ence against occlusions, loss of beacon line of sight, and loss of beacon detections. 93
Section 1 presents the experimental framework and results from deployment and 94
testing of SVGS onboard the International Space Station (ISS). Section 2 presents the algo- 95
rithmic and mathematical methodology of uVGS-2, including image preprocessing, blob 96
extraction, on-manifold Lie-algebra optimization, and middleware integration. Section 3 97
presents the experimental framework and results from deployment, integration and test- 98
ing of uVGS-2 in Astrobee at NASA Ames’ Granite Lab. Sections 4 and 5 discuss the frame- 99
work's evolution, capabilities, and applications across drone and mobile robot systems; 100
outlines operational limitations, and directions for future research. 101

1.1 The SVGS-1 mission on the International Space Station 102

The mission was a technology demonstration to evaluate performance, robustness, 103
and operational feasibility of SVGS when deployed in a representative space environment 104
for proximity operations and formation flight [11], with SVGS as a software sensor that 105
can be deployed using hardware resources (camera and CPU) of a host robot platform 106
such as NASA’s Astrobee, using illuminated beacons as shown in Fig. 1 and 2 [12]. The 107
SVGS mission APK was implemented as a Java Android application integrating the As- 108
trobee API and the Guest Science Library (Fig. 3) and the Ground Data System (GDS) [10]. 109

124

Figure 1. Integration of the SVGS beacon with NASA’s Astrobee free-flying robot using the M561 payload interface. The SVGS bea- 125

cons can be mounted either on the robot ﬁaiload bay or on ISS structural elements, enabling multiple experimental configurations. 126
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Figure 2. The flight-qualified SVGS tetrahedral beacon (Rev. 8) includes a DC-DC converter, LiPo battery, and overdischarge protec- 128
tion circuitry. A dimmer allows adjusting to different illumination conditions within the ISS environment. 129
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Figure 3. SVGS integration with Astrobee’s Guest Science Library and Application Programming Interface (API). SVGS is initialized,
executed, and monitored through service calls, conditional execution flags, and telemetry streaming. Synchronization constraints
between asynchronous image processing and the deterministic control loop illustrate timing, thread management, and state valida-
tion. Pose data is transmitted to both onboard control modules and the Ground Data System (GDS).
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Figure4. SVGS mission Android Package (APK) architecture. The perception module (SVGS, right) encapsulates the vision pipeline,
while the control interface (center) manages communication with Astrobee’s GNC subsystem. The telemetry module supports data
logging and transmission to the Ground Data System, incorporating rate-limiting to comply with bandwidth constraints.
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Figure 5. SVGS Maneuver 1: axial translations, controlled approach and rotations in roll, pitch, and yaw.

In Maneuver 2 (Figure 6), the “Leader” Astrobee performs a 6-DOF trajectory with
respect to a wall-mounted target. The “Follower” follows the leader in a parallel plane, at
a fixed distance. This imposes stricter requirements on estimation and synchronization, as
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errors in the leader’s motion propagate into the follower’s control [13]. Maneuver 2 was 144
divided into 2A (Leader square maneuver using Astrobee metrology and SVGS), 2C 145
(Leader square maneuver using only Astrobee metrology) and 2F (leader-follower ma- 146
neuver). Experimental results are shown in Figures 7, 8 and 9. Close alignment between 147
Astrobee metrology and SVGS measurements indicates strong temporal coherence and 148
low estimation error across all axes. Motion commands (green traces) show correlation 149
between commanded trajectories and measured response. 150

SVGS Science 1 (06/24/2022) included two check maneuvers (2C and 2A) to verify 151
correct functionality of the SVGS APK. SVGS Science Session 2 (07/06/2022) included a 152
baseline repeat of 2C and 2A (Figure 10) plus the actual formation flight maneuver, Ma- 153
neuver 2F (Figure 11); the time domain behavior of XYZ RPY coordinates is shown in 154
Figures 12 and 13. Figure 11 shows leader and follower formation flight behavior; follower 155
motion in the XY vertical plane tracks the leader’s motion at a controlled offset, illustrating 156
the effectiveness of SVGS to support relative navigation in formation flight at close range. 157
This is further illustrated in Figs. 12 and 13, where XYZ coordinates and Euler angles for 158
both agents are plotted, illustrating that the follower maintains a stable relative configu- 159
ration relative to the leader’s trajectory. These results illustrate SVGS capability of sup- 160

porting formation flight in proximity operations with partial occlusion of scene features. 161
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Figure 6. SVGS Maneuver 2: Leader-follower maneuver: two Astrobee robots operate in formation flight using SVGS-based relative 163
navigation. The leader executes a predefined trajectory relative to a fixed beacon, while the follower maintains a constant separation 164

distance by tracking the leader’s motion. 165
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Figure 7. Maneuver 2A and 2C, SVGS Science 1. XYZ robot coordinates vs. time: comparison between Astrobee metrology (solid 167
traces) and SVGS position estimates (dotted traces). Motion commands are shown in green. 168
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Figure 8. Maneuver 2C, SVGS Science 1. (left): motion command (green trace) and corresponding XY robot position (red); (right)

Astrobee Euler angles as function of time
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Figure 9. Maneuver 2A, SVGS Science 1. (left) motion command (green trace) and corresponding XY robot position (red), SVGS data
is shown in blue. (right) Astrobee Euler angles as function of time.
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Figure 10. Maneuver 2A (Queen) + 2F (Bumble), SVGS Science 2, Formation flight: Leader results. SVGS follows Astrobee metrology
with no significant drift. (left) motion command (green trace) and corresponding XY robot position (red), SVGS position data is
shown in blue. (right) Astrobee Euler angles. SVGS measurements are shown as dotted lines, Astrobee metrology as solid lines.
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Figure 11. Maneuver 2A (Queen) + 2F (Bumble), SVGS Science 2: Formation flight. (left) leader’s motion command (green trace) and
leader position (red), Follower position is shown in crimson. (right) Astrobee Euler angles as function of time. Estimation of Euler
angles by Astrobee native metrology is significantly affected in the Follower due to partial blockage of the follower’s line of sight
(LOS) caused by the leader’s proximity. This illustrates the advantage of having an independent pose estimation method such as
SVGS in proximity operations when native localization is map-based and partial blockage of visual features is likely.
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Figure 12. Maneuver 2A (Queen) + 2F (Bumble) during SVGS Science 2. XYZ robot coordinate vs. time. Astrobee coordinates are
shown in solid lines, both for Leader and Follower, SVGS coordinates are shown in dotted lines, illustrating delay in follower motion.
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Figure 13. Maneuver 2A (Queen) + 2F (Bumble), SVGS Science 2. Euler angles, Astrobee estimates shown in solid lines, SVGS coor-
dinates in dotted lines. Astrobee estimates of roll and yaw based on native Astrobee metrology are significantly affected in Follower
due to partial block of LOS by Leader. SVGS estimation of Euler angles remains correct despite the Leader’s proximity.
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Maneuver 3 (SVGS Science Session 3) is a demonstration of SVGS range extension
and handover capabilities using a multi-target path-following maneuver. The robot must
sequentially navigate between four SVGS beacons distinguished by color and spatial ar-
rangement, while moving on a plane parallel to ISS panel JPM1F5. The maneuver’s con-
figuration is shown in Figure 14 (a), while Figure 14 (b) shows the exact spatial location of
the SVGS beacons on the ISS JPM forward wall, where LED 1 and 4 are blue, LED 2 is red,
and LED 3 is green. The maneuver requires the robot to move from an initial position
facing the first target, and proceed through a series of waypoints corresponding to subse-
quent targets, stopping at each location while maintaining stable pose. During maneuver
3A (Fig. 15), SVGS hue change is determined based on robot location. When hue is
switched, other beacons on the image stream are ignored. AstroBee moves in the YZ plane,
the robot follows the prescribed path from beacon to beacon.
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Figure 14. (left) Maneuver 3: Multi-target path following maneuver, as the robot sequentially navigates between multiple SVGS
targets on a vertical plane parallel to the ISS wall. The path includes transitions where SVGS must switch its visual reference from
one beacon to the next. This requires robust target identification where more than one beacon shows in the image stream. (right)
SVGS beacon locations on ISS JPM forward wall, LED 1 and 4 are blue, LED 2 is red, and LED 3 is green.

Maneuver 3A was demonstrated and tested on hardware-in-the-loop (HIL) simula-
tions using Rviz and Gazebo; for the HIL, the sequence of SVGS targets was presented to
a camera mounted to an Inforce 6640SBC board. By manually approaching the targets to
the camera line of sight, it was possible to mimic the sequence in which Astrobee would
see the targets in the actual maneuver, and record the corresponding robot trajectory.
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Figure 15. (left). Hardware-in-the-loop (HIL) simulation of maneuver 3A using Gazebo and an Inforce 6640SBC single board com-
puter. (right) Maneuver 3A, during SVGS Science 3. XYZ robot coordinate vs. time are shown in solid trace (red, blue, black) while
the corresponding SVGS readings are shown in dotted lines. The changes in color of interest are shown as vertical green traces. Close
agreement between the HIL simulation and experimental data is shown throughout the maneuver.
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Maneuver 3 comprised an error correction maneuver (Maneuver 3B) where SVGS
readings are used to update motion commands as Astrobee moves between designated
SVGS targets. Results from HIL simulation of maneuver 3B are shown in Figure 17 (a) and
corresponding robot trajectory in YZ plane is shown in Fig. 17 (b). Changes in color of

interest (hue)
AT

are sho

1 4

%17

Figure 16. (left) Maneuver 3B, SVGS Science Session 3. SVGS readings are used to update motion commands as Astrobee moves
between designated SVGS targets. The arrangement demonstrates range extension in SVGS by using multiple beacons, which re-
quires the ability to ignore multiple targets present on the image stream, and handover is handled based on different hues. (right)
SVGS output during maneuver 3B. As Astrobee changes color of interest (hue), handovers are detected as step changes in SVGS
coordinates. During transition between targets SVGS measurements latch to the last valid value, which shows as horizontal flat lines.
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Figure 17. (Ieft) HIL simulation of maneuver 3B. (right) Maneuver 3B data, SVGS Science 3. XYZ robot coordinate are shown in solid
trace (red, blue, black), SVGS readings are shown in dotted lines. The changes in color of interest are shown as vertical green traces.
Maneuver 3B demonstrates range extension with error correction based on SVGS readings, and handover based on different hues.
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Figure 18. Maneuver 3B, SVGS Science 3. (left): robot trajectory on YZ plane. (right): changes in Euler angles as robot transitions from
one target to the next. Green dotted lines show a change in color of interest. The trajectory in the YZ plane highlights the system’s
ability to maintain stable control during handover transitions.
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SVGS Science 3 included two SVGS maneuvers (3A and 3B). HIL simulations were
used to verify the correct functionality of the APK. The data collected during SVGS Sci-
ence 3 on 09/20/2022 demonstrates range extension and handover with SVGS; Maneuver
3B demonstrated the use of incremental motion commands for error-based navigation.

Maneuver 4 (SVGS Science Session 4) combined multi-target navigation with leader—
follower formation flight in a single maneuver, as shown in Figure 19. The leader robot
navigates through the multi-target sequence, while the follower attempts to maintain a
fixed relative position based on SVGS measurements. This configuration requires relative
pose estimation under conditions where visual occlusions degrade the Follower’s locali-
zation performance.

JPM1F6
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SN04

JPM1F5 JPM1F4 +X Maneuver 2F Follower : X,Y,Z vs time
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deck

Figure 19. Maneuver 4: Multi-target Leader-Follower maneuver. (left) The Leader navigates relative to a set of SVGS targets of dif-
ferent colors while the Follower follows the leader based on SVGS measurements. (right) Maneuver 4A, SVGS Science 4. Follower
robot coordinates (XYZ vs. time) are shown in solid trace (red, blue, black) while SVGS readings are in dotted lines. The plot illustrates
a breakdown in the native Astrobee Follower localization due to partial block of line of sight caused by Leader proximity, showing
the impact of poor feature availability and occlusions on localization and navigation performance during proximity operations.

Results from Maneuver 4 (Figure 19, left) reflect a breakdown in the native Astrobee
localization framework on the Follower robot, leading to a loss of navigation stability. The
leader’s location at the start of the maneuver lead to partial occlusion of the localizer’s
reference surface: the lack of sufficient visual features, combined with the proximity of the
leader’s beacon as a strong light source, leads to degraded performance in Astrobee’s na-
tive localization system. As a result, the follower is unable to maintain stable motion, high-
lighting a critical limitation in the native AstroLoc to support formation flight [14].

1.2 uVGS-2: Micro Video Guidance Sensor Version 2.0

The evolution toward the Micro Video Guidance Sensor (uVGS-2) starts from the
Advanced Video Guidance Sensor (AVGS) [15] developed at NASA Marshall Space Flight
Center for autonomous rendezvous and docking of spacecraft. AVGS [16] established a
high-fidelity vision-based navigation capability for estimating full six-degrees-of-freedom
(6-DOF) relative state vectors between chaser and target vehicles using active optical sens-
ing [17]. The system relied on laser illumination to excite retroreflective target arrays
mounted on the client spacecraft, producing high-contrast features captured by a radia-
tion-tolerant CMOS imaging system. Relative pose was obtained through centroid extrac-
tion of illuminated markers followed by photogrammetric reconstruction and inverse per-
spective mapping [18]. Flight demonstrations such as DART and Orbital Express vali-
dated AVGS under dynamic motion and variable illumination, confirming its accuracy
and operational robustness in proximity operations.

The Smartphone Video Guidance Sensor (SVGS) emerged as a direct simplification
of AVGS by replacing specialized sensing hardware with a smartphone, integrating cam-
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era, illumination, and embedded processing. This preserved the core photogrammetric 275
framework while eliminating high-cost optical subsystems and enabling a software-de- 276
fined sensing paradigm. SVGS, implemented in Java for Android, solves the Perspective- 277
4-Point (P4P) problem to estimate 6-DOF pose from monocular images. A modified “head- 278
less” SVGS variant was developed for the Astrobee platform, removing smartphone-spe- 279
cific interfaces and enabling direct use of host CPU and camera. The SVGS science sessions 280
validated the feasibility of software-centric vision navigation using embedded platform 281
assets. The Micro Video Guidance Sensor (uVGS) represented a further shift toward a de- 282
terministic, embedded, real-time implementation. Developed at NASA MSFC, uVGS was 283
implemented in C to support real-time execution on FPGA-based systems [19]. Its modu- 284
lar library structure decoupled algorithmic components from sensor and hardware inter- 285
faces, enabling portability across platforms. Validation was conducted primarily via syn- 286
thetic imagery, making evaluation independent of hardware [20]. 287

uVGS-2 follows a C++ architecture, integrating modular software design, enhanced 288
numerical methods, and robust image processing. It is deployed as a Robot Operating 289
System (ROS) node, enabling seamless interoperability within different camera systems, 290
autonomy stacks, and robotic aerial, ground, and space platforms. uVGS-2 includes a sig- 291
nificantly expanded image preprocessing, using spatial decimation, adaptive intensity- 292
based thresholding, Gaussian and median filtering, and intensity masking to improve sig- 293
nal isolation under non-uniform illumination and high-noise environments. Feature ex- 294
traction is performed through contour-based blob detection combined with morphologi- 295
cal refinement operations such as erosion and dilation to enhance centroid stability and 296
eliminate spurious blob detections. Camera calibration is upgraded with lens distortion 297
compensation to ensure geometric consistency in wide-field imaging systems. A geometry 298
validation module enforces consistency of detected fiducial configurations through inter- 299
point distance and angular constraints, improving robustness against false positives and 300
partial occlusions [21]. At the core of uVGS-2 lies an optimized Perspective-4-Point solver 301
that replaces numerical differentiation with an analytical Jacobian formulation derived 302
using Lie algebra, significantly improving convergence speed, numerical stability, and 303
computational efficiency in the nonlinear optimization, leading to pose update ratesup to 304
6 times faster than SVGS in the same CPU platform. 305

1.2.1 Technical Background and Initial Considerations of the uVGS-2 mission 306

uVGS-2 was developed as a platform-independent, real-time 6-DOF pose estimation 307
software sensor to be deployed in NASA’s Astrobee free-flying robot. Unlike the SVGS-1 308
mission, where SVGS functioned as an Android application for the Guest Science Platform 309
(HLP), the SVGS-2 Mission sought integration at the Mid-Level Processor (MLP), enabling 310
direct interaction with Astrobee’s localization and control pipelines via ROS. In the SVGS- 311
2 mission, uVGS-2 is a complementary pose estimation sensor for proximity operations 312
via sensor fusion with Astrobee’s native localization system (AstroLoc). The integration 313
required interfacing uVGS-2 output with the MLP’s ROS-based software architecture us- 314
ing existing data handling pipelines. The cameras available at Astrobee’s MLP (NavCam, 315
DockCam, SpeedCam) are monochrome cameras, which degrades uVGS-2 performance 316
since hue (color) cannot be used as part of the blob filtering logic for noise rejection. Use 317
of a color camera stream (SciCam) available on the Guest Science module (HLP) was pos- 318
sible via an APK that published SciCam images to a topic available to MLP applications. 319

In formation flight, uVGS-2 provides real-time estimates of the relative pose between 320
the Follower and a beacon-equipped Leader. The leader executes predefined trajectories 321
while the follower uses uVGS-2 measurements to maintain a prescribed relative position 322
and orientation. Leader-follower configurations introduce line-of-sight constraints, par- 323
tial occlusions, and varying illumination conditions for the Follower. 324
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1.2.2 Sensor fusion of uVGS-2 with Astrobee’s localization pipeline 325

Leader-follower maneuvers in the SVGS-1 mission revealed critical vulnerabilities 326
associated with line-of-sight dependency and environmental interference, leading to deg- 327
radation in localization performance due to occlusion of visual features, increased dis- 328
tance from reference surfaces, and the presence of high-intensity illumination from the 329
nearby beacon, leading to loss of localization and unstable control behavior. Reliance on 330
far-field visual landmarks for localization can be mitigated if an additional pose sensor 331
such as SVGS is available via sensor fusion [23]. Astrobee’s Graph-based Localizer (As- 332
troLoc) uses a map-based factor graph framework to combine visual landmarks and iner- 333
tial measurements to estimate the robot’s 6-DOF pose vector [24]. By incorporating uVGS- 334
2 measurements as additional constraints within the factor graph, the system can maintain 335
accurate state estimates in the presence of partial occlusions or degraded illumination con- 336
ditions. The implementation is based on the transfer of uVGS-2 messages to AstroLoc us- 337
ing the Docking camera AR tag pipeline. Approach and docking in Astrobee is based on 338
AR tags located near Astrobee’s docking ports on ISS. The uVGS-2 integration strategy 339
required modification of the existing localization pipeline, replacing the output of the AR 340
tag detection module with the uVGS-2 measurement stream. The substitution is facilitated 341
by the fact that both uVGS-2 and the AR tag detection module output a 6-DOF pose esti- 342
mate relative to the camera frame, effectively transforming the AR pipeline into a uVGS- 343
based localization source while preserving the underlying localization architecture. 344

A second approach incorporates uVGS-2 measurements as updates within an EKF 345
framework, combined with inertial propagation from IMU data [25]. This enables contin- 346
uous state estimation even in the absence of valid uVGS-2 measurements, leveraging in- 347
ertial data to propagate the state between updates. Analytical IMU propagation, based on 348
frameworks such as GTSAM and VINS, provides a computationally efficient means of 349
integrating inertial measurements. A third approach involved incorporating uVGS-2 350
measurements within the AstroLoc factor graph architecture, enabling simultaneous op- 351
timization of all available measurements [24]. This provides the highest level of robustness 352
and accuracy, as it accounts for correlations between different data sources and enables 353
global consistency of the state estimate. The final choice of sensor fusion implementation 354
(AR pipeline) reflected a balance between computational efficiency, integration complex- 355
ity, and performance. Fusion of uVGS-2 with AstroLoc enables reliable localization even 356
under challenging conditions such as intermittent loss of beacon sight, illumination dis- 357
turbances, and limited feature availability. Ground testing at NASA Ames’ Granite Lab 358
demonstrated that the fused system sustains accurate localization in scenarios where 359
standalone methods fail, in particular when the follower’s field of view is blocked by the 360
leader. The fusion framework can be implemented with the available cameras, including 361
a color image stream (from the SciCam on HLP) to improve blob detection based on hue. 362

1.2.3 Tetrahedral Beacons 363

3D Beacons enable robust 6-DOF photogrammetric pose estimation in vision-based 364
navigation systems. The configuration is defined by four non-coplanar fiducial points ar- 365
ranged to provide full-rank observability in 3D space. Non-coplanarity eliminates degen- 366
eracies associated with planar target geometries (e.g. AR tags or Apriltags). The vector set 367
defined by inter-point displacements is linearly independent, which provides a well-con- 368
ditioned solution space for the Perspective-n-Point formulation [26]. This enables direct 369
recovery of camera pose from a single image observation without reliance on temporal 370
integration or multi-view reconstruction. 371

A key advantage of tetrahedral beacons lies in their resistance to geometric ambiguity 372
under projection. Planar fiducial systems can be ill-conditioned when observed under 373
oblique viewing angles, where perspective distortion can collapse spatial information and 374
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produce non-unique pose solutions. In contrast, the volumetric distribution of tetrahedral 375
targets preserves depth diversity across all viewing directions, maintaining strong dis- 376
criminability in image-space projections. This significantly improves numerical condition- 377
ing in pose estimation and reduces sensitivity to measurement noise during optimization. 378
The configuration also mitigates singularities associated with collinearity or coplanarity 379
in projected feature sets, ensuring that pose recovery remains stable even under partial 380
distortion or suboptimal imaging conditions. The beacon includes actively illuminated or 381
retroreflective fiducial elements whose spatial coordinates are precisely defined. Active 382
illumination enhances detection reliability in low-light environments by producing high- 383
contrast features; correspondence between blobs and beacon points is resolved using ge- 384
ometric checks based on inter-point distances and relative angles. 385

Pose estimation based on tetrahedral configurations can degrade under extreme 386
viewing angles, when projected features approach near-collinear configurations that re- 387
duce observability. Additional ambiguities may arise from symmetric or near-symmetric 388
feature distributions that complicate correspondence assignment. uVGS-2 incorporates 389
geometric validation that enforces consistency constraints on inter-point relationships, re- 390
jecting physically inconsistent detections prior to optimization: only geometrically valid 391
feature sets contribute to state estimation. 392

2. Materials and Methods 393

The uVGS-2 framework was comprehensively redeveloped relative to the original 394
SVGS. An enhanced multi-stage image preprocessing pipeline is used, along with a novel 395
formulation for solving the Perspective-4-Point (P4P) problem, based on a Lie algebra lin- 396
earization of the optimization Jacobian, and the Google Ceres library [7]. The prepro- 397
cessing pipeline starts by transforming the raw image I(x,y), where x and y denote dis- 398
crete pixel coordinates in the image plane domain Q c Z?, into a normalized and noise- 399
suppressed representation I,(x,y) € [0,1], maximizing feature separation in environ- 400
ments such as the International Space Station (ISS), where non-uniform lighting, reflec- 401
tions, and illumination noise degrade raw image quality. The pose estimation problem is 402
formulated as a nonlinear least-squares optimization over the Special Euclidean group 403
SE(3), where the rigid-body transformation is defined as T = (R, t), with R € SO(3)rep- 404
resenting the rotation matrix satisfying R'TR =1 and det(R) = 1, and t € R®represents 405
the translation vector. For a given set of 3D fiducial points P; = (X;,Y;, Z;)" expressed in 406
the target frame, their projection into the image plane is defined as: 407

p; = n(K(RP; + t)) @ 408
where K is the intrinsic camera matrix and m(-) denotes the perspective division map- 409
ping homogeneous coordinates to pixel coordinates. The optimization minimizes the 410
reprojection error defined as e; = p??* — p?"*”/, where p?"*is the observed centroid of 411
blob i,and p""”is the predicted projection. Unlike standard implementations that rely 412

on numerical differentiation to estimate the Jacobian of the error surface, uVGS-2 derives 413

the Jacobian J = Z—;analytically using Lie algebra in se(3), where & € RSis the representa- 414

tion of the pose increment in the tangent space, composed of three rotational and three 415
translational components. This formulation enables linearization of the nonlinear optimi- 416
zation problem as e(§) = e(0) + J§, significantly improving convergence rate, numerical 417
stability, and computational efficiency, which are essential for real-time deployment in 418
resource-constrained platforms. 419

The uVGS-2 elements are presented as follows: image pre-processing (Section 2.1), 420
blob detection and sorting (Sections 2.2, 2.4), the uVGS-2 engine (Section 2.5), the native 421
factor-graph pose-graph localization system (Section 2.6), uVGS-2 sensor fusion with As- 422
troloc (Section 2.7) and ROS middleware implementation considerations (Section 2.8). 423

https://doi.org/10.3390/xxxxx



Drones 2026, 10, x FOR PEER REVIEW 14 of 30

2.1 Image Preprocessing 424

Image preprocessing in uVGS-2 is a sequence of transformations applied to the raw 425
image I(x,y), that generates a binary segmentation B(x,y) thatimproves detectability of 426
fiducial markers while suppressing noise and irrelevant background structures. The pro- 427
cess begins with spatial decimation, defined as I;(x,y) = I(ax, ay), where a € [0,1] isa 428
scaling factor reducing resolution from W X H to aW X aH, decreasing computational 429

load while preserving salient structures. Intensity normalization is then applied, using 430

1a(x,Y)=Imin

min-max scaling I,(x,y) = , where I,;, and L., are the minimum and maxi- 431

Imax—Imin

mum pixel intensities in the decimated image, ensuring that the dynamic range is mapped 432

to [01]. Normalization stabilizes subsequent thresholding under varying illumination 433

conditions. A Gaussian filter is then applied, defined as I;(x,y) = (I, * G)(x,y), where * 434
_x24y?

27;2 e 202 is the Gaussian kernel with standard 435

deviation o, which controls the level of smoothing. This operation attenuates high-fre- 436

denotes convolution and G(x,y,0) =

quency noise components while preserving low-frequency structures (fiducial markers). 437

Adaptive thresholding is then applied to generate a binary image B(x,y) defined as 438
B(x,y)=1if I;(x,y) > T(x,y), and B(x,y) = 0 otherwise, where the threshold T(x,y) 439
is computed locally as T(x,y) = u,(x,y) + k- 0,,(x,¥), with p, and o,, the mean and 440
standard deviation of intensities within a local window w, and k a tuning parameter. 441
This formulation enables robust segmentation under varying illumination conditions. 442

The binary image is further refined using morphological operations. Erosion is de- 443
fined as B, = B © S, and dilation as B; = B @ S, with S a structuring element. Erosion 444
removes small isolated noise regions, while dilation restores valid features; their combi- 445
nation in opening (B © S) @ S and closing (B @ S) © S operations provides noise sup- 446
pression with structural preservation. The final output of preprocessing is a binary image 447
B(x,y) € in which fiducial markers appear as well-defined connected components. Pre- 448
processing is implemented to be configurable, allowing parameters such as @, o, k, and 449
structuring element size to be tuned dynamically (via launch file) to accommodate sensor 450
characteristics and environmental conditions (low-light environment, high dynamic 451
range, cluttered background). 452

2.2 Blob Finding and Blob Selection 453

Blob detection in uVGS-2 is a critical feature extraction step that must be robust to 454
environmental variability and noise. Following generation of the binary image B(x,y), 455
connected components Q, c Z2 are identified as candidate blobs. Connectivity (8-neigh- 456
borhood criterion) ensures that all pixels within a blob are spatially contiguous. The 457
boundary of blob candidates is then extracted by a contour-following algorithm derived 458
from the Suzuki-Abe method, which traces only the outer contours C, = {(x;, y,-)}:v:kl, and 459
avoids hierarchical contour processing, which is justified since blobs are solid luminous 460
regions without holes [12]. Contour representation supports downstream processing that 461
requires ordered boundary information. Blob detection scales linearly with the number of 462
pixels, ensuring deterministic execution time. 463

Candidate blobs are processed to identify spurious blobs. The primary descriptor is 464
area Ay = mgyg, computed from the zeroth-order spatial moment mgg = ¥, (xy)eq, 1, rep- 465
resenting the number of pixels in the blob. The centroid (x.’y.) is computed using first- 466
order moments myo and myy, providing a subpixel estimate of blob location. Shape char- 467

. . . . . 4nA . . .
acterization uses the circularity metric € = —3 £ where P is the perimeter derived from 468
k

the contour length: circularity ~1 is consistent with the expected projection of LED-based 469
markers. Additional geometric descriptors for feature validation are bounding box di- 470
mensions and aspect ratio. Hue information Hj is extracted in the HSV space, enabling 471
additional discrimination in scenarios with background clutter or reflective surfaces. 472
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A blob k is retained if it satisfies Ay <A < Apaxr, Cp = Cpin, and Hp € 473
[H min Hinax], where thresholds are determined based on marker geometry, camera reso- 474
lution, and operational distance. Thresholds can be adapted to environmental conditions 475
(illumination levels, noise) via parameters available in a launch file. Blob set candidates 476
are evaluated using minimum and maximum allowable distances between candidate 477
blobs based on the known dimensions of the tetrahedral beacon. This reduces the candi- 478
date set to a single subset B = {b4, b,, b3, by} that is used for P4P pose estimation. Only 479
high-confidence blobs sets are passed to subsequent stages. 480

2.3 uVGS-2 Features 481

uVGS-2 isimplemented in C++, facilitating modularity and integration in robotic sys- 482
tems. uVGS-2 is deployed as a node within the Robot Operating System (ROS), leveraging 483
its publish—subscribe communication model to exchange data with other subsystems such 484
as localization, guidance, and control modules [20]. The output of uVGS-2 is the estimated 485
beacon pose T = [R | t] in the camera coordinate frame. Since uVGS-2 can operate on im- 486
ages published by any ROS camera node of compatible image format, it becomes inde- 487
pendent from specific camera drivers, enabling compatibility with a wide range of imag- 488
ing systems and hardware platforms, lens configurations and distortion models. The 489
uVGS-2 camera model is defined through an intrinsic matrix K, that incorporates focal 490
lengths and principal point offsets, while distortion is modeled using parameterized func- 491
tions that are calibrated offline. uVGS-2 supports both single-channel and multi-channel 492
image processing, enabling operation with both monochrome and color cameras, but color 493
image streams give better performance since hue can be used to filter reflections or bright 494
objects from blobs. 495

uVGS-2 is optimized for deterministic real-time performance through multi-thread- 496
ing and efficient resource management. Image preprocessing and blob detection, are par- 497
allelized to exploit available CPU cores, reducing latency and increasing throughput. 498
uVGS-2 can deliver high-frequency pose updates while maintaining compatibility with 499
other onboard processes [27]. The pose estimation engine leverages state-of-the-art opti- 500
mization libraries (Google Ceres) to achieve high accuracy with reduced computational 501
overhead [4]. uVGS-2 modular architecture and compatibility with both ROS and ROS2 502
[28], enables integration with autonomy pipelines. The ability to operate as a standalone 503
sensor or as part of a sensor fusion framework positions uVGS-2 as a state-of-the-art so- 504
lution for vision-based navigation in both spacecraft [29], drone and robotics applications. 505

2.4 Blob Sorting in uVGS-2 506

Blob sorting addresses the deterministic correspondence problem between detected 507
image-space features and their known three-dimensional counterparts defined by the tet- 508
rahedral beacon geometry. Following blob selection, the system operates on a reduced 509
candidate set B = {b4, by, b3, by}, where each blob is characterized by its centroid coordi- 510
nates p; = (x;,¥;) in the image plane. The objective of blob sorting is to establish a bijec- 511
tive mapping between the detected centroids and the ordered set of 3D fiducial points 512
P = {Py,P;, P3,P,}, where P, = (X;,Y;, Z;) are expressed in the beacon reference frame. The 513
approach is based on geometric invariants that are preserved under projective transfor- 514
mations, specifically pairwise Euclidean distances and relative orientation relationships 515
in the image plane. The algorithm begins by computing the complete set of pairwise 516
squared distances d;; = (x; — x;)® + (y; — ¥;)?, forming a symmetric distance matrix that 517
encodes the spatial distribution of the detected points. The maximum distance d,,4, cor- 518
responds to the longest projected edge of the tetrahedral configuration, and the associated 519
point pair is designated as the primary baseline. 520
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After baseline identification, the algorithm computes the midpoint m = %(pi + pj)of 521

the baseline endpoints and evaluates the relative positions of the remaining two points 522
with respect to this midpoint. The distances d,,; =Il py — m || are computed for the re- 523
maining blobs, and used to classify the points within the tetrahedral structure, exploiting 524
the asymmetry of the tetrahedral geometry, where the projection of the apex point differs 525
from that of the base vertices [4]. By assigning the closer point to the midpoint as one 526
vertex and the farther point as another, the algorithm establishes a partial ordering thatis 527
invariant to global translation and rotation in the image plane. This step significantly re- 528
duces ambiguity and ensures consistent labeling across frames, even under varying view- 529
ing conditions [4]. To finalize ordering and eliminate potential mirror ambiguities, the 530
algorithm employs an orientation test based on the sign of the cross product between vec- 531
tors defined in the image plane. For three points p;, pj, py, the scalar cross product z = 532
(xj — %)k — ¥ — (¥j — yi) (X — x) is calculated, where the sign of z indicates the 533
orientation (clockwise or counterclockwise) of the triplet [12]. Orientation tests providea 534
computationally efficient mechanism for enforcing geometric consistency, avoiding the 535
need for exhaustive permutation searches or probabilistic matching techniques. The blob 536
sorting algorithm also includes validation checks to detect degenerate configurations, 537
such as near-collinear projections or insufficient spatial separation between points, which 538
may compromise the reliability of the sorting process. 539

2.5 uVGS-2 Engine for Pose Estimation 540

The core module for estimating the six-degrees-of-freedom pose of the target relative 541
to the camera frame is formulated as a nonlinear optimization problem over the Special 542
Euclidean group se(3)[4]. The objective is to determine the transformation T = (R,t) that 543
minimizes the reprojection error between observed image points p¢Pand the projections 544
of known 3D points P; under the estimated pose. The projection model is defined as 545
pfmj = w(K(RP; + t)), where Kis the intrinsic camera matrix containing focal lengths and 546
principal point coordinates, and m(-)denotes the perspective division operation mapping 547
homogeneous coordinates to pixel coordinates. The optimization problem is expressed as 548
",

the minimization of the cost function J = ¥, I pf?* — p}

where the summation is 549
performed over the four fiducial points of the tetrahedral beacon. This formulation en- 550
sures that the estimated pose minimizes the discrepancy between observed and predicted 551
feature locations in a least-squares sense, providing an optimal solution under Gaussian 552
noise assumptions [20]. 553

A key innovation in the uVGS-2 solver lies in the use of Lie algebra in se(3) to derive 554
an analytical Jacobian for the optimization of reprojection error, enabling efficient and 555
numerically stable linearization of the nonlinear optimization problem. The pose incre- 556
ment is represented as a vector § = (w,v) € R®, where @ € R3represents the rotational 557
component and v € R3 the translational component of the pose estimate. The transfor- 558
mation update is expressed through the exponential map T « exp(§)T, where £ is the 559

skew-symmetric matrix representation of . The Jacobian ] = Z—Z is derived analytically 560

by differentiating the reprojection error with respect to the pose parameters, eliminating 561
the need for numerical finite-difference approximations. This analytical formulation sig- 562
nificantly reduces computational overhead and improves numerical accuracy, particu- 563
larly in scenarios with small perturbations or at high update rates. The linearized system 564
is then solved iteratively using methods such as Dogleg and Dense Schur optimization, 565
ensuring rapid convergence to the optimal solution [12]. The solver incorporates conver- 566
gence criteria based on the norm of the update vector || € || and the reduction in cost func- 567
tion AJ, ensuring that iterations terminate when a stable solution is reached. The solver 568
includes validation tests to assess quality of the estimated pose based on error residuals 569
and geometric consistency checks. 570

https://doi.org/10.3390/xxxxx



Drones 2026, 10, x FOR PEER REVIEW 17 of 30

One of the main bottlenecks in the solution of the Perspective-n-Point (PnP) problem 571
lies in the evaluation of the gradient of the reprojection error surface as function of the 572
parameters to be estimated. To eliminate the computational overhead and precision loss 573
associated with numerical finite-difference approximations of the Jacobian, the uVGS-2 574
engine computes an analytical Jacobian evaluated on the tangent space manifold of the 575
Special Euclidean Group se(3) [46]. Let a fiducial beacon point in the world frame be de- 576

r

noted as P; € R®, which is transformed into the camera frame as p; = [x;,y;,z/]" = 577
RP; +t, where T = [g ﬂ € se(3). Under a minimal Lie algebra perturbation defined by 578
the twist coordinates ¢ = [w,v]” € R® (comprising 3 rotational and 3 translational com- 579
ponents), the transformation update maps via the exponential map T « exp(§)T [47]. The 580

analytical expression for the 2 X 6 reprojection error Jacobian matrix J; for each ob- 581
served fiducial point P; is evaluated on the tangent space of the Special Euclidean Group 582

se(3) by the chain rule formulation: 583
_ 2o _ dei ovu
Y TR @) o84

de; o . . -
where # represents the 2 X 3 derivative matrix of the camera perspective projection 585
L

given by the horizontal and vertical focal lengths (fy, f,) and the transformed camera- 586
frame coordinates p;" = [x;’,¥;’,2;]". The analytical differentiation of the camera projec- 587
tion model with respect to the incremental pose perturbation is derived using the chain 588

rule on the se(3) manifold [46]. This yields the block-structured Jacobian matrix: 589
fx _ Lt
Oe; |z (zin)?
apyr 0 Ly By ®) 590
zj! (zin?
opi’

i is the 3 X 6 kinematic derivative matrix mapping the incremental Lie algebra twist 591

perturbation ¢ = [w,v]” € R®, which expands analytically using the skew-symmetric 592
cross-product matrix operator [p;']". To avoid singularities and maintain the orthogonal- 593
ity constraints of the rotation matrix during the Levenberg-Marquardt optimization, alo- 594
cal perturbation vector ¢ € se(3) is mapped to the Lie group via the exponential map [47]: 595
o 100 0 z -y
¢ = axs —[p11=[0 1 0 -z 0 x 4) 596
0 0 1 y' —x' 0

The dimension of the stacked Jacobian ] for N visible landmarks is 2N x 6. By di- 597
rectly calculating the product of these matrix blocks, the closed-form analytical Jacobian 598
bypasses iterative residual evaluations. This formulation guarantees deterministic execu- 599
tion time and scales the system's real-time performance on processing nodes. 600

The optimization vector A¢ € R® represents the minimal local twist perturbation co- 601
ordinates mapped via the Lie algebra se(3) to update the current transformation matrix 602
on the manifold as T « exp(§") T. In this parameterization, the Levenberg-Marquardt 603
solver iteratively computes the update step by solving the regularized normal equations 604
JTJ + p)AE = —JTe, where | denotes the 2N X 6 analytical Jacobian matrix stack, e 605
represents the image-plane reprojection residual error vector, and p is the dynamic 606
damping factor used to regulate convergence. State estimation within the unconstrained 607
tangent space isolates the 6-DOF estimation from the geometric distortions and singular- 608
ities typical of conventional Euler-angle parametrizations. 609

2.6 NASA’s Astrobee Localization System (AstroLoc) 610

AstroLoc [35] is a Visual-Inertial Navigation System (VINS) designed for Astrobee’s 611
navigation aboard the International Space Station under computational, perceptual, and 612
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dynamic constraints. Unlike terrestrial VINS implementations, AstroLoc must operate in 613
a microgravity environment where the absence of sustained gravitational acceleration al- 614
ters inertial observability. The system is also constrained by onboard processing limita- 615
tions, requiring a localization architecture that prioritizes deterministic execution, numer- 616
ical efficiency, and robustness to intermittent visual information. To meet these require- 617
ments, AstroLoc is implemented as a graph-based optimization system built on the 618
GTSAM framework, where robot state estimation is formulated as a factor graph. In this 619
representation, discrete robot poses are encoded as nodes, while sensor-derived con- 620
straints form edges connecting sequential and non-sequential states. Each state includesa 621
position t, € R3, orientation Ry € SO(3), velocity v, € R3, and IMU bias terms, allowing 622
tightly coupled estimation of kinematics and sensor drift. Visual observations from envi- 623
ronmental features and pre-integrated inertial measurements jointly constrain the optimi- 624
zation problem, enabling consistent trajectory estimation over time. A core architectural 625
advantage of AstroLoc is its feature map-based design, which stores previously observed 626
landmarks and re-associates them across time, improving long-term consistency and re- 627
ducing drift accumulation [31]. This is particularly relevant in the ISS environment, where 628
repetitive geometry and limited natural texture challenge conventional feature tracking 629
and loop-closure strategies. 630

Astrobee’s localization [32] operates in specialized modes, including a docking con- 631
figuration that relies on AR fiducial markers for high-precision pose estimation during 632
approach maneuvers. In this mode, AR markers are detected and their corner features are 633
directly incorporated into the factor graph as high-confidence geometric constraints, ena- 634
bling accurate relative localization with respect to docking infrastructure. However, this 635
docking-specific pipeline is functionally isolated from the standard navigation mode, 636
which relies primarily on feature-based tracking using Features from Accelerated Seg- 637
ment Test (FAST) corner detection for general motion estimation. The system switches 638
between these pipelines depending on operational context, which limits the integration of ~ 639
heterogeneous sensing modalities within a unified estimation framework. This separation 640
restricts the ability to incorporate additional sources into the global optimization process. 641
The integration of uVGS-2 addresses this limitation by using the docking AstroLoc pipe- 642
line to accept target-derived pose measurements as additional factor graph constraints 643
[33]. This is achieved by replicating the AR-tag processing pathway and replacing its out- 644
put stream with uVGS-2 pose outputs, transforming the external vision-based estimator 645
into a native constraint source within the graph structure. This modification enables sim- 646
ultaneous fusion of environmental features and uVGS-2 measurements, supporting both 647
static landmark tracking and dynamic target-based navigation within a unified optimiza- 648
tion framework. The extended system also supports multiple camera modalities, includ- 649
ing both the MLP monochrome navigation cameras and the HLP color camera. The incor- 650
poration of these heterogeneous sensing channels transforms AstroLoc into a multi-sensor 651
fusion architecture while preserving its original computational efficiency and real-time 652
performance characteristics [34]. 653

2.7 uVGS-2 in Astrobee — Sensor Fusion 654

During the SVGS-1 mission, SVGS was used as an external measurement source, op- 655
erating independently from the robot’s native localization pipeline, which showed critical 656
limitations under conditions involving line-of-sight obstruction and disturbancesinduced 657
by active beacon illumination. These effects resulted in degradation of Astrobee’s native 658
localization, which relies on environmental features, compromising control performance. 659
uVGS-2 was designed for direct integration with the Astrobee software stack as a ROS 660
node executing on the Mid-Level Processor (MLP), enabling real-time exchange of state 661
information with the Graph-based Localizer. This required a software interface to transfer 662
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6-DOF pose estimates from uVGS-2 into Astrobee’s localization framework [35]. The 6- 663
DOF transformation T,yss € SE(3), estimated at a rate up to 100 Hz by the uVGS-2 en- 664
gine, is converted into local state coordinates to feed to the AstroLoc multi-sensor factor- 665
graph architecture. This is equivalent to adding another node to the native pose-graph 666
localization; the transformation matrix is formulated as a 4 X 4 homogeneous mapping 667
containing the optimal 3 X 3 rotation matrix R and the 3 X 1 translation vector t: 668
Tuwes = [Ofo ﬂ ®) 669

The step vector A € R® from the tangent space manifold is mapped via the Lie ex- 670
ponential as Tyygs < exp(€”) Tyyes; the direct algebraic mapping eliminates the need for 671
coordinate re-parameterizations, preserving propagation of the error covariance across 672
the localization pipeline, and ensuring estimation stability under operational conditions 673
that could otherwise degrade output quality. In the proposed approach, the uVGS-2 pose 674
estimator replaces the native AR tag pipeline within the AstroLoc localization [44]. Alt- 675
hough the integration is implemented as a data pipeline swap at the software level, the 676
underlying AstroLoc architecture processes the relative poses as factor graph constraints, 677
minimizing residuals on the SE(3) manifold as Lie exponential updates [48]. 678
The uVGS-Astroloc integration was demonstrated with both NavCam (mono- 679
chrome) and SciCam (color) image streams. uVGS-2 outputs were formatted to use the 680
interface of the existing AR Tag pipeline, allowing direct substitution of fiducial marker 681
measurements with minor modifications to the downstream processing chain [48], pre- 682
serving compatibility with the factor graph optimization framework underlying As- 683
troLoc. uVGS-2 could be deployed both as a standalone pose estimator and as an inte- 684
grated component within the sensor fusion scheme, with the latter providing superior 685
robustness in scenarios involving occlusions and dynamic lighting disturbances. Sensor 686
Fusion between uVGS-2 and AstroLoc involves augmenting Astrobee’s native Map Land- 687
mark (ML) pipeline, based on sparse visual features, with externally derived pose esti- 688
mates from uVGS-2, generated from beacon tracking. uVGS-2 measurements are injected 689
as high-confidence visual landmarks via a modified AR Tag pipeline. Rather than intro- 690
ducing a separate localization mode, the system uses compile-time flags to modify the 691
behavior of the AR pipeline, enabling selective use of both ML (AstroLoc) and uVGS-de- 692
rived measurements [20]. A critical aspect of this fusion strategy is the ability to maintain 693
localization continuity in scenarios where one sensing modality becomes unreliable. For 694
instance, when the follower robot’s field of view is obstructed by a leader vehicle or when 695
strong illumination from the beacon degrades feature detection, the ML pipeline may fail 696
to provide sufficient features for accurate state estimation. In such cases, uVGS-2 meas- 697
urements provide direct relative pose information that preserves estimator observability. 698

2.8 Build and Test uVGS-2 in Astrobee — Implementation Considerations 699

Ground experiments at NASA Ames’ Granite Lab allowed the evaluation of the func- 700
tionality and performance of the proposed approach. uVGS-2 modifications included the 701
configuration of camera intrinsic parameters, adaptation to Astrobee-specific image top- 702
ics, and integration with the ff_msgs::VisualLandmarks message interface for publishing 703
pose estimates. Successful deployment was verified through real-time execution on the 704
MLP. Data logging via ROS bag files captured synchronized streams of camera data, pose 705
estimates, and EKF outputs. Sensor Fusion of AstroLoc and uVGS-2 was implemented 706
through a modification of the AR Tag pipeline, enabling direct substitution of AR tag 707
measurements with uVGS pose estimates: the ARVisualLandmarksCallback function was 708
modified to process uVGS-generated measurements, and the Sparse Mapping pipeline 709
was extended to operate concurrently with the modified AR pipeline, enabling simulta- 710
neous use of environmental features and UVGS-2 measurements. The dual-pipeline con- 711
figuration transforms the localization system into a sensor fusion framework [31]. 712
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3. Operational Validation and Experimental Results 713

3.1 NASA ARC'’s Granite Lab — Ground Testing Considerations & On-Orbit Data Link 714

Ground testing at NASA Ames Research Center’s Granite Laboratory intends to rep- 715
licate the computational, kinematic and perceptual constraints associated with proximity 716
operations on ISS. The Granite Lab provides a low-friction air-bearing floor that enables 717
motion in three degrees of freedom (X, Y, and yaw), preserving the geometric relation- 718
ships necessary for 6-DOF pose estimation by vision-based sensing [37]. Granite Lab test- 719
ing reproduces implementation constraints related to actual deployment on Astrobee. The 720
Mid-Level Processor (MLP), which hosts the uVGS-2 ROS node, imposes computational 721
limitations in CPU utilization, memory bandwidth, and scheduling. The absence of color 722
imaging capabilities in the MLP (monochrome NavCam and DockCam streams) intro- 723
duced challenges in blob detection and false-positive rejection, as hue-based filtering 724
could not be used. Other issues to be considered in uVGS-2 deployment on Astrobee are 725
camera intrinsic calibration, field-of-view distortion modeling, and coordinate frame con- 726
sistency between uVGS-2 outputs and the factor graph representation. 727

Astrobee Simulator

EKF
Inoney/gnclekf

ROS node

move_printer.cpp

Istepperx, /steppery,
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Arduino code

printer_arduino_ROS.ino

Serial connection: /dev/ttyACMO
Baud rate: 921600

3D printer

Stepper Motors

728

Figure 20. 3DOF gantry for Astrobee HIL Simulation. Stepper motors for each axis are controlled by a ROS node on an external 729
Arduino board, connected to the simulation computer via USB. 730

The development of motion control strategies based on uVGS-2 prompted the imple- 731
mentation of a hardware-in-the-loop (HIL) simulation framework. A 3-DOF gantry was 732
built to emulate beacon motion (Fig. 20), enabling validation of motion control algorithms 733
and perception-action coupling via NASA’s Rviz and Gazebo Astrobee simulation frame- 734
work, enabling testing of leader-follower maneuvers and debugging of synchronization 735
and computational constraints within the MLP. HIL-simulation of perception and control 736
is shown in Figure 21 (HIL simulation of the follower’s motion node). The Follower code 737
sends motion commands created based on 6-DOF pose updates published by the uVGS-2 738
node. In the HIL simulation, real-time input from an Intel D455 camera is used to detect 739
beacon features and compute the beacon’s 6-DOF pose estimates, which are then used to 740
generate motion commands within NASA’s Astrobee Gazebo simulation environment. 741

To assess functionality and performance of the uVGS-2 ROS node, a hardware-in- 742
the-loop simulation was implemented using the Inforce 6640SBC board - same CPU as 743
Astrobee’s MLP. The implementation achieves a pose estimation update rate of 100 Hz, 744
compared to the 10 Hz rate achieved in the Java for Android baseline implementation 745
(SVGS) in the same CPU. uVGS-2 low-latency enabled successful demonstration of fol- 746
lower maneuvers using an external camera to mimic a leader’s motion (Figure 21), where = 747
Astrobee’s Gazebo simulation environment was used to demonstrate that the system 748
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could track beacon motion and detect all 4 beacon blobs during testing. The ground ex-
periments (GT1 to GT4), conducted on Astrobee at NASA Ames Granite Lab, demonstrate
the deployment of uVGS-2 as a C++ ROS node on Astrobee’s Mid-Level Processor (MLP),
as well the sensor fusion integration of uVGS-2 with Astrobee’s native localization frame-
work (Astroloc).

3.2 Experiment GT-1: Demonstration of uVGS-2 deployment on Astrobee

Ground test experiment GT-1 demonstrated deployment and functionality of uVGS-
2 in Astrobee: build and deploy uVGS-2 as a ROS C++ node to run on Astrobee’s MLP.
Modifications were needed to accommodate Astrobee-specific camera interfaces, includ-
ing intrinsic parameters, adaptation to ROS image topics, and integration with the
ff_msgs::VisualLandmarks message structure for publishing 6-DOF pose estimates.
uVGS-2 execution was controlled from the SSH command line [11]. Correct operation was
verified by monitoring publication of pose messages and checking consistency between
estimated beacon positions and known robot-beacon configurations.

uVGS-2 deployment in Astrobee was demonstrated with both NavCam and
DockCam, although performance degradation (failure to detect all 4 blobs during tests)
occurred due to the inability of monochrome imaging to use hue-based blob filtering. The
GT1 experiment established feasibility of deploying uVGS-2 as a ROS node on Astrobee,
demonstrating its capability to operate in real time along with other MLP processes, and
produce accurate 6-DOF pose estimates suitable for downstream integration with locali-

zation and control subsystems.

Figure 21. Hardware in the loop (HIL) simulation of the Follower motion code. The Follower Astrobee generates motion commands
based on uVGS 6-DOF pose vectors. The HIL demonstration uses an Intel D455 camera to locate the SVGS beacon (bottom, left) and
uses the detected blobs (top, left) to calculate UVGS-2 6-DOF output. The demonstration is based on moving the camera on a square
trajectory in front of the beacon, which creates motion commands in NASA’s Gazebo simulation environment, demonstrating fol-
lower behavior on Astrobee.
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Figure 22 outlines Ground Test 1 (GT-1), showing the experiment layout and image
processing results, including a raw NavCam image and post-processed visualization in
RViz. The red markers overlaid on the processed image indicate successful blob detection
and centroid extraction, which enables accurate estimation of the 6-DOF pose vector.
Camera exposure, gain and uVGS-2 preprocessing parameters are editable in the corre-
sponding launch file.

& Focus Camera  ©@Measure ~ 2D Pose Estimate 2D NavGoal @ Publish Point > = @

0.2m 0.4m oRE
— A A A —— A

B1

1.

Figure 22. GT-1 experiment at NASA Ames’ Granite Lab. (left): layout of the experiment, (right, top): NavCam image sample, (right,

bottom): post-processed image on RVIZ showing correct identification of the four beacon blobs as red dot overlays.

3.3 Ground Experiment GT-2. Demonstration of sensor fusion: uVGS-2 as data stream that re-
places AR Tag data in the AR Pipeline in Astrobee

Experiment GT-2 runs uVGS-2 in Astrobee as a data stream that replaces the AR Tag
data stream in the AR Pipeline, demonstrating the feasibility of substituting AR tag inputs
with uVGS-2 measurements. In the modified AR pipeline, the uVGS-2 node publishes
pose data to the same interface used by the marker_tracking package, enabling seamless
integration of uVGS-2 into the existing factor graph framework. A secondary objective
was to determine whether the fusion of UVGS-2 data could maintain localization conti-
nuity in an occlusion scenario, where the feature-based AstroLoc would fail. Ground ex-
periments showed that Astrobee could maintain good localization with uVGS-AstroLoc
fusion even when the robot’s view of the walls was significantly blocked, or when the
beacon’s proximity caused sensor saturation.

The attitude estimation of Euler angles by SVGS/uVGS clearly outperforms the native
ML localization when detection of local landmark features degrades, as clearly shown in
Figures 11 and 13, where Euler angle estimation by ML grows out of bounds. The integra-
tion of uVGS-2 with the ML pipeline also mitigates trajectory drift typically associated
with vision-based localization, providing more stable and robust 6-DOF pose estimation
during close-range formation flight maneuvers.

GT-2 demonstrated that uVGS-2 can replace the AR Tag data stream within the AR
pipeline while preserving or enhancing the robustness of the localization system. Astro-
bee successfully processed simultaneous inputs from both the Map Landmark (ML) and
UVGS-modified AR pipelines, demonstrating the viability of a dual-input factor graph
architecture. Localization performance remained stable even under partial or complete
occlusion, since uVGS-2 measurements provided sufficient geometric constraints to main-
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tain estimator observability. GT-2 also revealed the need for careful tuning of factor graph 809
weights to mitigate the impact of false readings from the uVGS-2 pipeline, which could 810
introduce localization error if not filtered. The absence of color information (monochrome 811
cameras on MLP were used) limits the system’s ability to properly reject spurious reflec- 812
tions, highlighting the importance of using a color camera for optimal performance. 813
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Figure 23. GT-2 Experiment: Demonstration of UVGS-AstroLoc Fusion via AR Pipeline. (left): outline of Astrobee home position at 815
Granite Lab for GT-2. (right) Astrobee position after two repetitions of a square maneuver. The red trace shows motion performance 816
using the native Map Landmark pipeline (ML), the blue trace shows motion performance using uVGS-ML sensor fusion. 817

GT-2 demonstrated full sensor fusion of uVGS-2 with Astrobee’s Graph-based Local- 818
izer through a modified AR pipeline, enabling simultaneous utilization of beacon-based 819
and feature-based measurements within the AstroLoc estimation framework. The experi- 820
mental setup involved commanding Astrobee to execute a square maneuver through a 821
sequence of motion commands issued via the Ground Data System (GDS), while record- 822
ing localization outputs under two configurations: (i) native Map Landmark (ML) pipe- 823
line only, and (ii) fused ML + uVGS-2 pipeline, where the uVGS-2 node continuously pub- 824
lished pose estimates derived from beacon observations, which were injected into the fac- 825
tor graph as visual landmarks via the modified AR interface. 826

An outline of the test setup at Ames’s Granite Lab is shown in Figure 23 (left). Local- 827
ization results from the robot (XY coordinates) after commanding square maneuversasa 828
sequence of four move commands from the GDS, are shown in Figure 23 (right). Motion 829
performance when using the native Map Landmark pipeline (red trace) can be compared 830
to motion performance when using the fused uVGS-2 + Map Landmark solution (blue 831
trace), showing improved motion control performance achieved through sensor fusion. 832
The experiment also highlights the limitations of using monochrome imaging, with re- 833
duced blob discrimination leading to increased susceptibility to false detections; this mo- 834
tivated subsequent integration of color image streams from SciCam to enhance robustness 835
through hue-based filtering, via a HLP APK that publishes SciCam images as a ROS topic 836
that can be read at the MLP. Integration of uVGS-2 with AstroLoc via sensor fusion pro- 837
vides a robust and flexible localization solution for formation flight, even if the Follower’s 838
view of the wall is blocked by the Leader, or if the Follower’s camera is blinded by close 839
proximity of a SVGS beacon. 840

3.4 Ground Experiment GT-3: Demonstration of Leader motion node with uVGS- fusion 841

GT-3 (Figure 24, Left) demonstrates a leader motion control node using fused uVGS- 842
2 fused with AstroLoc localization to execute precise trajectory tracking. The experiment 843
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commands the leader robot to perform a square maneuver by two different methods: (i) 844
Baseline: native AstroLoc with no sensor fusion, with manual motion commands issued 845
through the GDS interface, and (ii) an autonomous motion script implemented as a ROS 846
node with pose feedback from the fused localization system. A FIFO filter within the mo- 847
tion control node enables smoothing of pose estimates, improving command stability. 848
w
—
0.2m 0.4m

0.8 m

‘Wannabee

Wannabee EmmEm

H 849

Figure 24. (Left): GT-3 Experiment: Leader maneuver using uVGS-AstroLoc Fusion and color camera (SciCam image stream). (Right): 850
GT4 Experiment: outline of Leader-Follower maneuver at Ames’ Granite Lab. The starting Home position is shown. 851
852

The image input stream is from a color camera (SciCam on HLP), publishing images 853

to a topic that can be read by uVGS-2 on the MLP. The procedure to achieve UVGS-As- 854
troLoc sensor fusion using the SciCam image stream is as follows: (i) HLP android APK 855
publishes SciCam compressed images, (ii) Hue for SciCam depending on beacon color, is 856
chosen in camera launch file, (iii) calibration Check (extrinsics and intrinsics), (iv) change 857
uVGS Pipeline to compressed images, and to include HUE analysis, (v) the Astrobee Lo- 858
calizer factor graph has to consistently find world_t_dock (the transformation matrix rep- 859
resenting the beacon’s position and orientation within the ISS coordinate frame) for the 860
follower Astrobee, (vi) change Factor graph options for AR mode to use SciCam options, 861
(vii) enable mixed graph (AR + Map Landmark), and (viii) change AR pipeline to accept 862
uVGS-2 outputs rather than AR native input stream. 863
The fusion of uVGS-2 and Astroloc provide operational resilience under challenging 864
illumination conditions (namely, proximity to a strong light source), beacon occlusions 865
and loss of beacon line of sight, while preserving the robustness of Astrobee’s native lo- 866
calization system. The close proximity of a beacon, which could degrade Astroloc perfor- 867
mance, is mitigated by the availability of uVGS pose estimates in the localization pipeline, 868
while loss of beacon sight is compensated by the default Astroloc pose estimation pipe- 869
line. The fused Astroloc-uVGS localization provides improved stability in Astrobee’s mo- 870
tion control by reducing the probability of pose estimation failure, highlighting the ro- 871
bustness of the fused approach in close-range proximity maneuvers, without requiring 872
auxiliary external updates. 873
Results from the GT-3 experiment are shown in Figure 25. The square maneuver was 874
repeated first using manual commands from the GDS terminal (left) and then using a 875
Leader motion script (right). A significant enhancement in trajectory accuracy was 876
achieved when the autonomous motion node was used, as compared to manual command 877
execution via GDS. A residual vertical tilt (~ 20 mm) is attributed to mechanical misalign- 878
ment in the air-bearing support system that holds Astrobee. Integration of uVGS-2 with 879
AstroLoc not only enhances localization performance but also enables motion control that ~ 880
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outperforms waypoint manual commands in the baseline system. The extension of GT-3 881
to multi-robot formation is outlined in Figure 24 (Right), which shows the home position 882
for leader-follower maneuvers. The follower robot uses uVGS-2 measurements to track a 883
beacon mounted on the leader, maintaining a prescribed relative pose throughout the ma- 884
neuver. 885

GT-4 results are shown in Figure 26, where the trajectories of both leader and fol- 886
lower are plotted in the XY plane. While the leader exhibits stable and accurate motion, 887
the follower’s performance deteriorates as a result of CPU and resource limitations of the 888
MLP when executing multiple motion commands. This underscores the importance of 889
optimizing motion control algorithms and resource allocation in embedded GNC systems. 890

3D Pose Comparison = AMES

= AMES

891

Figure 25. GT-3 Experiment results. Leader maneuver with UVGS-AstroLoc fusion. (Left) 30-cm per side square maneuver usinga 892

sequence of manual GDS commands. (Right) 30-cm per side square maneuver using a Leader motion script. A ~ 20 mm tilt in the 893

vertical direction (in both cases) is attributed to uneven horizontal alignment of Astrobee with its air bearing support. 894
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Figure 26. GT-4 Experiment results: Leader-Follower maneuver at Ames’ Granite Lab. (Left) Leader motion: 30 cm per side square 896
maneuver using uVGS-AstroLoc sensor fusion. (Right) Leader (green trace) and Follower (blue trace) trajectories in the XY plane. 897
4. Discussion 898

uVGS-2 has evolved from a proximity pose estimation sensor into a versatile vision- 899
based navigation framework suitable for autonomous aerial and ground robotic systems 900
operating in constrained or GPS-denied environments. Compared with the original SVGS ~ 901
architecture, uVGS-2 introduces substantial improvements, including ROS-native modu- 902
larity, platform-independent deployment, optimized image preprocessing, and analytical 903
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optimization methods capable of real-time execution on embedded processors [38]. Ex- 904
perimental validation on the Astrobee platform confirmed reliable 6-DOF pose estimation 905
under severe illumination variations, partial occlusions, and dynamic operational condi- 906
tions that traditionally degraded SVGS performance [39]. These capabilities directly ad- 907
dress challenges encountered in UAV applications such as precision landing, cooperative 908
navigation, infrastructure inspection, and search-and-rescue missions [40]. Previous UAV 909
studies demonstrated that SVGS-based navigation [14] could maintain accurate localiza- 910
tion in GPS-denied scenarios through fusion with visual-inertial odometry, IMU, barom- 911
eter, and flight-controller states. The use of illuminated tetrahedral beacons also provided 912
greater robustness than conventional AR-tag approaches, which strongly depend on fa- 913
vorable lighting conditions and image contrast. High-altitude landing experiments fur- 914
ther validated reliable autonomous descent from altitudes exceeding 100 m while main- 915
taining localization continuity during aggressive maneuvers and intermittent beacon vis- 916
ibility. Unlike LiDAR or infrared beacon systems, the framework directly estimates full 917
relative pose without requiring separate depth sensors. The successful adaptation of these 918
concepts within uVGS-2 confirms that the sensing architecture is not limited to orbital 919
robotics but is equally applicable to autonomous drones, cooperative robotic systems, 920
cargo delivery, and robotic operations in visually degraded or GPS-constrained environ- 921
ments. 922

A major contribution of uVGS-2 is the incorporation of a Lie-algebra-based analytical =~ 923
Jacobian formulation, which significantly improves the computational efficiency of the 924
photogrammetric estimation process. By eliminating numerical gradient approximations 925
during convex optimization, processor utilization is reduced while estimation frequency 926
increases from approximately 10 Hz in earlier SVGS [12] implementations to ~ 100 Hzon 927
Astrobee’s Mid-Level Processor. This improvement is critical for UAV and multi-robot 928
systems where estimation latency directly affects guidance and control stability. Previous 929
drone experiments showed that SVGS measurements were often intermittent because of 930
line-of-sight restrictions, environmental illumination, and onboard computational limita- 931
tions, requiring extensive EKF tuning to maintain estimator observability. The optimized 932
processing pipeline in uVGS-2 mitigates these limitations by enabling faster state propa- 933
gation, lower computational overhead, and more stable integration with inertial and vis- 934
ual navigation systems [41]. Enhanced blob extraction and filtering techniques also im- 935
prove rejection of false detections caused by reflections, active light sources, and high- 936
contrast environments, which are common in urban canyons, indoor facilities, metallic = 937
infrastructures, planetary analog environments, and spacecraft docking interfaces. In ad- 938
dition, the integration of uVGS-2 within Astrobee’s Graph-based Localizer demonstrated 939
that the system can effectively replace AR-tag measurements while preserving estimator 940
stability during beacon saturation, partial field-of-view obstruction, and intermittent tar- 941
get visibility [42,43]. Motion-control experiments showed improved trajectory tracking 942
performance compared with GDS-based architectures in both simulation and physical ro- 943
botic deployments [44]. Although follower maneuvers revealed processor limitations as- 944
sociated with high-level command execution on the MLP, these results provide important 945
insight into the computational requirements for scalable autonomous coordination [45]. 946

5. Conclusions 947

uVGS-2 is a robust and computationally efficient vision-based navigation framework 948
for autonomous proximity operations in spacecraft, drones, and mobile robot platforms. 949
uVGS-2 advances previous SVGS implementations through a ROS-native modular archi- 950
tecture, enhanced image preprocessing, deterministic blob association, and a Lie-algebra- 951
based analytical optimization implementation that significantly improves convergence 952
speed and real-time execution performance. Experimental validation using NASA’s As- 953
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trobee free-flying robot demonstrated reliable 6-DOF pose estimation under challenging 954
operational conditions, including illumination disturbances, partial occlusions, and inter- 955
mittent target visibility. The integration of uVGS-2 within Astrobee’s graph-based locali- 956
zation framework confirmed that the system can function not only as an independent rel- 957
ative navigation sensor but also as a resilient complementary measurement source within 958
multi-sensor fusion architectures. Unlike conventional localization methods that strongly =~ 959
depend on environmental features, LIDAR, or GNSS availability, uVGS-2 directly esti- 960
mates full relative pose from monocular imagery of illuminated tetrahedral beacons, ena- 961
bling accurate localization with low mass, low power consumption, and reduced compu- 962
tational requirements. The analytical Jacobian formulation eliminated the computational 963
overhead associated with numerical differentiation, increasing estimation frequency. 964
The robustness, portability, and computational efficiency of uVGS-2 make the frame- 965
work directly applicable to autonomous UAV navigation, precision landing, and collabo- 966
rative robotics. Sensor-fusion experiments confirmed that uVGS-2 can preserve localiza- 967
tion continuity during temporary loss of visual features, beacon saturation, and line-of- 968
sight interruptions, which are common conditions in practical applications. ROS-based = 969
implementation enables rapid deployment in robotic platforms, including VINS-based 970
autonomy pipelines, while maintaining compatibility with other localization frameworks. 971
The use of deterministic geometric constraints through tetrahedral beacons provides re- 972
silient relative navigation independent of environmental texture or external infrastruc- 973
ture. The results establish uVGS-2 as a scalable pose estimation solution capable of sup- 974
porting formation flight, autonomous docking, target tracking, cooperative guidance, and 975
precision landing in resource-constrained robotic systems. 976
While uVGS-2 shows significant potential to provide 6-DOF pose estimation in prox- 977
imity operations, operational limitations must be acknowledged. uVGS relies on active 978
LED illumination, and its effective operational range is thus bounded by the illumination 979
output of the beacon, the beacon dimensions, and environmental illumination conditions. 980
It requires availability of a power source at the beacon location, although this can be mit- 981
igated by use of retroreflective targets, with a light source on the host robot, drone or 982
spacecraft. Second, uVGS requires clear line of sight: occlusion of one or more fiducial 983
points in the beacon disrupts uVGS output, requiring external multi-sensor fusion with 984
the host’s localization system (such as AstroLoc) to bridge output gaps during operation. 985
uVGS performance is highly dependent on proper tuning of preprocessing parame- 986

ters such as blob dimensions, circularity, kernel size, etc. Future work must therefore in- 987
clude adaptive pre-processing and exposure controls to mitigate dynamic lighting transi- 988
tions during orbital day/night cycles, and range-dependent adaptation of pre-processing 989
parameters. Hardware acceleration using edge FPGA architectures is being explored to 990
scale the uVGS framework to missions that require higher update rates, such as debris 991
capture. 992
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Abbreviations

The following abbreviations are used in this manuscript:

API: Application Programming Interface

APK: Android Package Kit

AR tag: Augmented Reality tag

CMOS: Complementary Metal-Oxide-Semiconductor
CPU: Central Processing Unit

DOEF: Degrees of Freedom

EKF: Extended Kalman Filter

EPnP: Efficient Perspective-n-Point

FOV: Field of View

FPGA: Field Programmable Gate Array

GNSS: Global Navigation Satellite System

IMU: Inertial Measurement Unit

ISS: International Space Station

LED: Light-Emitting Diode

ML: Map Landmark

MLP: Mid-Level Processor

MSEFC: NASA Marshall Space Flight Center

NASA: National Aeronautics and Space Administration
P4P: Perspective-4-Point

ROS: Robot Operating System

RPY: Roll-Pitch-Yaw

SVGS: Smartphone Video Guidance Sensor
UAV: Unmanned Aerial Vehicle

uVGS-2: Micro Video Guidance Sensor
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