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Abstract

Planetary robots must do more than travel; they must also interact accurately .
with nearby samples and science targets. While wheeled rovers are proven for
distances and precision, legged robots may help reach targets near large
steps, loose slopes, or narrow spaces. This project develops a reliable

i e e collection system using a Unitree Go2 EDU, D1 arm, wrist-mounted RealSense
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i P T ﬁﬁ;_}.,_- D435, and YOLO26s. The robot detects and measures sample-like objects,
e = AT AT _;turns when needed, stops, looks again after every movement, corrects the
Fmel W ekl S N .
L e Sl \vrist view, and checks the target, arm solution, path, and feedback before
Figure 1: Legged robot performing analogue tests in Marslabor at the grasping. It then lifts, verifies, sorts, or stops safely. A complete autonomous

University of Basel. Credit: Dr Tomaso Bontognali. demonstration collected and sorted multiple samples without human

S interference.

o . Introduction

~ Traditional rovers remain effective for long travel, whereas legged robots such

| ':das quadrupeds may complement them at large steps, loose slopes, and narrow

sites (Fig. 1)!". However, reaching the site is just the first step of a task as error
accumulation can cause off-target arm placement and reduce success rate 2. Figure 4: Depth Image from D435
Prior work already shows planetary arm correction !, lunar RGB-D grasping
4l and quadruped visual servoing ®l. We focus on a practical gap: reliable
collection with a legged base whose unpredictable motion can shift the target
before grasping.

~ Methodology

I 2 r.' -

Figure 3: RGB Image from D435 with YOLO26s
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e Detect: YOLO26s'"® detects each object in the wrist-camera image and
identifies its color (Fig. 3).

e Calculate 3-D position: The D435 depth (Fig. 4) is used to convert the
image location into a camera-frame point, which is transformed into
robot-base coordinates.

e Position the robot: if the object is too far to one side, the Go2 makes a

Figure 2: Simulation on MoonTrek terrain

small bounded turn, stops, and settles. rWﬁ}’Pﬂiﬂt — (]' _S)rpfegfﬁﬂp + Srgfﬂﬂ}}]

e Look again: every turn or posture change invalidates the old position, so s = {0, 0.25, 0.50, 0.75, 1}
the robot takes a new depth measurement before using the arm.

Depth Z o Al . : : : . .
¢ kinematics calculates joint angles for checked approach waypoints. .

e Collect and sort: the arm descends, closes the gripper, lifts, checks the places a waypoint between the pregrasp

pickup, and sorts the object on the color-based side (Fig 5.). and final grasp position. The planner
smoothly changes the gripper
Discussion orientation between the two poses.

Compared with dynamic whole-body visual servoing !, our method is

Deprojection: Convert the ta rget’s deliberately simpler: stop the dog, measure again, check the arm path, then 1

: : : move. New measurements corrected for observed turn and posture error. A
image pixel (u,v) into a 3D camera

complete demonstration integrated object detection, posture change, fresh

frame position by tak]ng the inverse localization, wrist correction, pickup, verification, sorting, and automatic \

: =
£ th s intrinsi trix (K stopping. The goal is not to show that legs are better than wheeled robots, but = 2
O € cameras Intrinsic matrix ( ) rather how legged access can be paired with reliable local manipulation. X
and scaling by depth (Z). Current tests remain limited to a flat floor and simple ball-shaped objects.
1|4 Learning Outcomes
pc —_ Z K V
1 e Operation and calibration: used the Unitree Go2 app for safe motion, then

designed and 3-D printed a ruler to measure and calibrate leg and body L — ik

Rigid transformation: Convert the movement. - | . | L R el TR

- e ROS 2 and communication: worked with nodes, topics, DDS networking,
target’s position from the camera SDK commands, telemetry, TF, URDF, and RViz.
frame (C) into the robot base frame e Perception and robot math: applied YOLO, RGB-D sensing, coordinate
. . . transforms, forward kinematics, inverse kinematics, and path checks.
(B) by rotating and translating it to « System engineering: connected perception, arm control, safety checks,
the arm. :
Conclusion and Future Work
Pl — T ( ) Pc Legged planetary research has shown the value of difficult-terrain access "\, S T A
1 | = “B<C q 1 This project addresses the next step: using an arm reliably after the robot ST

arrives. Looking again, correcting the wrist view, checking the arm path, and | | . n:
stopping on bad evidence supported complete collection and sorting. Flgure o PICkup CVCIe
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