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Abstract— Near-ground bimanual manipulation is seldom
studied for manipulation, as a variety of household items
require ground interaction with two arms. Additionally, most
robots in this domain require moving their entire body to view
the relevant scene, making tasks, such as environment recon-
struction, much slower. To fill these gaps, we present a fully
integrated perception system for near-ground bimanual mobile
manipulation. This consists of a novel bimanual holonomic
robot equipped with dual Intel RealSense depth cameras and a
small LIDAR. Unlike other near-ground and bimanual robots,
our robot, entitled MR. CRABS, is equipped with a pan-and-
tilt bottom Realsense, which we show improves mapping and
search tasks. Finally, MR. CRABS can perform a proof-of-
concept bimanual task for demonstration collection, alleviating
the need for teleoperation.

I. INTRODUCTION

Near-ground manipulation tasks, such as retrieving objects
from under furniture, inspecting floor-level infrastructure, or
operating in low-clearance environments, are more common
than public perception suggests. Unlike tabletop robots,
near-ground workspaces pose significant perception chal-
lenges for mobile robots. Near-ground workspaces suffer
from severe viewpoint constraints: cameras mounted at stan-
dard heights produce oblique views with heavy occlusion,
and the geometry and area of the ground plane within
the frames of near-ground robots limit diverse achievable
perspectives [1]. To explore a scene, a robot must move
inefficiently.

While recent bimanual mobile platforms have often
demonstrated ground-level exploration and manipulation ca-
pabilities, they suffer from key shortcomings. [2] and [3] only
support tabletop tasks. The non-holonomic AhaRobot [4]
supports ground tasks, but the mounted camera cannot move
in place. YOR [5], the most similar robot to ours, is both
holonomic and supports both table-top and bimanual tasks.
However, none of its cameras are active, in-place, and it does
not have LIDAR. Similar to how humans pan and tilt their
head to observe a scene without full physical movement, this
motivates an active camera for near-ground tasks – a feature
to quickly improve understanding of a scene.

We present a system that addresses this challenge through
three contributions a). novel bimanual holonomic mobile
manipulation platform equipped with dual Intel RealSense
depth cameras, and a top LIDAR; b). a simple method
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for active vision information gain based on an equipped
RGB-D pan-and-tilt camera; c). a quantitative & qualitative
evaluation of the effects of this camera for mapping.

II. RELATED WORK

Mobile bimanual manipulation platforms. Open-source
mobile manipulators have made bimanual data collection
broadly accessible. TidyBot++ [6] contributes a holonomic
base designed for robot learning, and Mobile ALOHA [2]
demonstrates that bimanual mobile tasks can be learned from
teleoperated demonstrations on affordable hardware. More
recent low-cost designs continue this trend [3]–[5]. Two
properties recur across these platforms. First, the workspace
of interest is usually at table height, so the arms and sensors
are positioned for surfaces roughly a meter off the ground
rather than for the floor. Second, the cameras are rigidly
mounted, which ties every change of viewpoint to a change
of base pose. MR. CRABS keeps the open-source, low-
cost philosophy of this line of work while targeting the
near-ground workspace and decoupling viewpoint from base
motion.

Active perception and exploration. The idea that a sensor
should be moved deliberately rather than treated as a passive
input goes back to the active perception agenda [7], [8] and
remains central to active SLAM [9]. Classical exploration
drives a robot toward the boundary between known and un-
known space [10], [11], while later work selects viewpoints
that reduce map or pose uncertainty explicitly [12], [13].
Active perception has since been extended to photorealistic
radiance field representations, where the next view is chosen
to maximize expected information gain [14]–[18].

Much of this work assumes a sensor that can be placed
freely, as on a drone or a manipulator wrist, or accepts the
cost of moving the whole robot. Our setting is the constrained
middle ground: a ground robot whose viewpoint is otherwise
fixed, where a two-degree-of-freedom pan-tilt mount is the
cheapest available source of viewpoint diversity.

Mapping and open-vocabulary search. Occupancy map-
ping remains the practical substrate for exploration, whether
as an octree [19] or a GPU-resident signed-distance vol-
ume [20], and we use the former to accumulate observed
voxels. Searching for a named object additionally requires
grounding language in the observation stream; object-goal
navigation work learns this mapping from experience [21],
[22], while promptable segmentation models now supply
it zero-shot [23], [24]. We take the latter route, querying
SAM3 [24] on each acquired view, which keeps the search
free of task-specific training.



Fig. 1: MR. CRABS: a holonomic mobile TidyBot++ base
with dual WidowX-250 arms, a top-mounted LIDAR, and
two RealSense depth cameras: one with pan-tilting for active
near-ground perception.

III. METHOD

We now present MR. CRABS, the bimanual mobile manip-
ulator on a TidyBot++ base. The method is divided into two
components: Hardware Overview and Active Perception.

A. Hardware Overview.

MR. CRABS features a low-cost, modular, smaller mobile
base designed from the TidyBot++ hardware package [6].
MR. CRABS is capable of holonomic motion (indepen-
dently capable of moving in its three DoFs: x, y, θ).
Unlike TidyBot++, MR. CRABS uses two Trossen Robotics
WidowX-250 arms for bimanual manipulation, given its size
and ability to fit on the top of the smaller base. MR.
CRABS’ perception and mapping capabilities also differ
from TidyBot++, relying on two Intel RealSense RGB-D
cameras and an RPLiDAR system. The RealSense camera
mounted on the base is attached to two Dynamixel motors
for panning and tilting motion, and is used to observe the
scene closer to the ground, but can be used for objects
higher off the ground. We find that this simple design choice
leads to improved perception for search and mapping without
any base movement. The base has an aluminum extrusion
to elevate the RPLiDAR sensor for obstacle detection and
mapping. It also holds a static RealSense camera to observe
the greater scene.

B. Active Perception.

We formulate object search for a mobile manipulator
as greedy selection over a discrete action A combining
base movements (∆θ,∆x,∆y) with pan-tilt camera poses
(ϕpan, ϕtilt), totaling a set |A| = 81 actions, which consists
of every unique combination of 9 total camera poses (3
different pans and tilts) with 9 total combined combinations
of base movements. The robot maintains an observed voxel
set Vt ⊂ Z3 at resolution δ = 5cm, but this can be tuned
depending on the environment. For each candidate action a,
we project the camera frustum from the hypothetical post-
action pose by sampling N = 400 rays up to dmax = 3m,
yielding a predicted visible voxel set F(a). The information

Fig. 2: Hardware overview of MR. CRABS: (1) RPLiDAR
for mapping and obstacle avoidance, (2) two realsense cam-
eras for navigation and object searching, (3) Intel NUC with
USB hubs for sensor input, (4) base movement sub-system,
including battery, swerve modules and a breaker to e-stop the
base, (5) dual WidowX-250 arms for bimanual manipulation,
and (6) an e-stop for the arms.

Algorithm 1 Greedy active view selection

1: Vt ← ∅; targets T ▷ empty map, queries
2: while T ≠ ∅ do ▷ until all found
3: Vt ← Vt ∪ SCAN() ▷ fuse RGB-D view
4: T ← T \ SAM3(T ) ▷ drop found targets
5: for all a ∈ A do ▷ 81 candidates
6: F(a)← CAST(a) ▷ N rays to dmax
7: g(a)← |F(a) \ Vt| · ρ ▷ unseen voxels
8: g(a)← ADJUST(g(a)) ▷ saturation / novelty
9: end for

10: execute a∗ = argmaxa g(a)/c(a) ▷ gain/sec
11: end while

gain is: g(a) = |F(a) \ Vt| · (ρ), where the ρ is a quadratic
multiplier that upweights actions into unexplored regions,
specifically by using the amount of non-viewed voxels. Pan-
tilt actions at saturated poses are penalized, while base
movements into fresh poses receive a novelty bonus. The
robot selects a∗ = argmaxa g(a)/c(a), where c(a) is the
estimated execution time, then queries SAM3 [24] for each
target object mask. When such a mask is found (covering
more than 100 pixels in the image), the object is considered
seen.

Dividing by c(a) is what makes the pan-tilt mount worth
having on a mobile manipulator. Naturally, gain alone would
often favor driving the base, since translating the robot
exposes more unseen space than rotating a camera about a
fixed point. Normalizing by the time each action takes turns
the objective into a rate of information per second, and
a pan-tilt sweep that costs a fraction of a second competes
well against a base motion that costs several seconds and
more energy. Such a policy therefore favors camera motion
first and moves the base only once the camera’s information
gain is exhausted. The procedure is summarized in Alg. 1.

The action set is deliberately small and the horizon is
one step, which keeps selection inexpensive enough to run



between motions on the onboard computer. The cost of that
choice is that the robot cannot plan a sweep whose value only
shows up after several actions. We discuss this in Sec. V, and
extending the gain to whole trajectories is future work.

IV. EXPERIMENTS AND RESULTS
A. Robot Task

As a proof of concept, MR. CRABS autonomously picks
up two blocks in each gripper and places them in a trash
bin. Using the combined point cloud, we employ SAM3 to
compute object masks. Principal Component Analysis (PCA)
on the segmented point cloud extracts the object’s major axis,
and the gripper is oriented perpendicular to it to grasp across
the narrow dimension. Future work will employ grasping
algorithms such as GraspNet [25]. We utilize J-PARSE [26]
for safe entry in and out of kinematic singularity while
retrieving objects at the edge of the workspace. Across a
set of 10 trials, we see a strong 80% success rate. Such
tasks can be used as augmented demonstrations for a robot
learning policy, where only successful tasks are used.

Fig. 3: Point cloud reconstruction with (left) and without
(right) pan-tilt camera motion. Green circles highlight addi-
tional coverage from active sweeping.

B. Active Search for Multiple Objects

We highlight trials of the ability of the pan-tilt camera
motion to assist the base in finding semantically meaningful
objects faster. We construct a simple experiment where the
robot has to select the highest voxel information gain to
find a Stanford bunny and a water bottle on opposite sides
of the robot. We run SAM3 on each view (both top and
bottom RealSense cameras) until both objects are detected.
On 5 trials’ average, MR. CRABS finds both objects in 11.7
seconds with camera and base motion, and compared to 24.3
seconds with base motion.

TABLE I: Voxel Coverage Comparison (Sweep vs Fixed
Camera)

Fixed Camera Sweep Camera Ratio
Voxels 39,196 196,515 5.0x
Volume 1.06 m3 5.31 m3 5.0x
OctoMap nodes 51,453 554,044 10.8x

1) Straight Line Mapping: To highlight the robot’s use-
fulness in moving and using the Pan-Tilt motion, we perform
an isolated experiment to have the robot move approximately
over 1 meter in the forward direction with OctoMap [19]
and a voxel size of 0.03m. In one ablation, we run with no
camera motion; in the other, with consistent camera motion.
In Table I, we find that voxel coverage consists of about
5 times more voxels and volume. A top-down view of the

Fig. 4: Voxel coverage with a fixed (gray) vs. panning (green)
camera, showing the additional environment coverage gained
through camera motion.

voxels is shown in Fig. 4 in ground slices, demonstrating
a much broader view of the environment, while moving in
only one direction.

V. LIMITATIONS

MR. CRABS is not built for higher-ground manipulation.
This limits the long-horizon tasks it can complete, such as
picking up an item of clothing from the floor and hanging it
somewhere higher.

Our evaluation is a set of proof-of-concept demonstrations
rather than a benchmark. Each condition is run 5 or 10
times in a single environment, which is enough to show that
the information gain metric with the pivoting camera is a
promising first step. Because our method uses a 3D-aware
representation and does not rely heavily on color, we expect
it to generalize to other environments.

The information gain is computed over a discrete set of
actions rather than a continuous space. In a larger environ-
ment, a robot must plan the most informative path to nav-
igate around an environment, while simultaneously avoiding
obstacles. A fully autonomous robot in such environments
could serve for mapping, data collection, or even real2sim
scene construction. The gain is also purely geometric: g(a)
counts newly visible voxels regardless of whether they are
likely to contain the target, so conditioning it on where the
target plausibly lies could find objects sooner. Finally, the
pan-tilt mount widens the camera’s field of view but does not
raise it, so tall or shelved objects remain outside its useful
range.

VI. CONCLUSION
In this work, we presented MR. CRABS, a bimanual,

holonomic mobile manipulator with a sensing suite for more
efficient active perception. The design of the hardware is
selected in such a way as to allow for rapid exploration of
a scene for manipulation, mapping, and search. Future work
focuses in two directions: a full-body teleoperation interface
and autonomous mapping of an environment, especially
to alleviate the burden of a human operator; and active
perception during manipulation for difficult close-to-floor
manipulation tasks, such as occlusion handling and cluttered
scene manipulation.
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