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Abstract— Grasping moving objects remains a challenging
task for fixed manipulators due to their limited workspace,
which restricts their ability to respond to object motion.
This limitation becomes particularly important in human-robot
collaborative scenarios. In this work, we propose a framework
for grasping moving objects with a mobile manipulator that dy-
namically repositions its base to expand its reachable workspace
and improve grasp feasibility. To coordinate the system motion,
we adopt a reactive whole-body control strategy that treats the
mobile base and manipulator as a unified kinematic system.
As the object moves, the target pre-grasp pose is updated
based on the estimated object pose, allowing the robot to track
and approach a grasp-relevant target. The proposed method
is validated in both simulation and real-world experiments,
demonstrating the effectiveness of the unified control strategy
for coordinated tracking and grasp-oriented motion generation
when interacting with moving objects.

I. INTRODUCTION

Stationary robot manipulators have succeeded in tasks
such as grasp planning [1]–[3], throwing objects into bins [4],
and pick-and-place [5]; however, their effectiveness depends
on being well positioned relative to objects. As a result, tasks
must be designed so the robot can reach and manipulate
targets from its initial pose. In contrast, mobile manipulators
can perform similar tasks with fewer placement constraints.

The manipulation task becomes even more challenging
when the target object moves or its pose changes over time.
In such scenarios, the robot must continuously estimate the
object state and adapt its motion accordingly. This requires
real-time integration of perception, tracking, and control,
where inaccuracies in any one of these components can lead
to failure. Dynamic grasping approaches [6]–[10] address
this problem by tracking the object pose, generating grasp
or pre-grasp targets relative to the object, and controlling the
manipulator to follow these poses during motion. Although
these methods have shown promising results, they are pri-
marily designed for fixed manipulators operating within a
constrained workspace.

When the object moves outside the reachable region of the
arm, the task may become infeasible regardless of the quality
of the perception or control strategy. Mobile manipulators
provide a natural way to overcome this limitation by enabling
the robot to reposition its base and expand the feasible
grasping region. However, in many mobile manipulation
systems, robot placement and manipulation are treated as
separate stages, where the robot first plans and moves to
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Fig. 1: Closed-loop tracking of an object: perception updates
the object pose and the robot reacts with whole-body motion.

a suitable base configuration, for example via reachability
analysis [3], [11]–[13], before executing the manipulation
task. While effective for many static manipulation scenarios,
this separation can limit the robot’s ability to reactively adapt
its motion when interacting with moving objects.

In this work, we address these challenges by enabling
reactive grasp pose tracking with a mobile manipulator
through unified control of the mobile base and manipulator.
Instead of treating base and arm motion as separate stages,
the controller coordinates both within a unified control
framework, enabling the robot to continuously follow grasp-
related target poses generated from the moving object, and
avoids obstacles during motion.

II. METHOD

A high-level overview of the proposed four-stage sys-
tem is depicted in Fig. 2. The system processes acquired
scene depth data into a filtered point cloud, which is used
to segment the target, estimate its pose, and determine a
corresponding grasp pose. Based on this, a pre-grasp pose is
selected to serve as the target pose for the holistic controller,
which then guides the robot’s motion. The pipeline operates
iteratively, enabling target pose updates as the object moves.

The Control Approach: We adopt the whole-body control
framework of [14], where the mobile base and manipulator
are treated as a unified kinematic system. To incorporate
base motion into the differential kinematics, the base is
modeled as virtual degrees of freedom, allowing the robot to
be represented as an equivalent kinematic chain. Base and
joint velocities are then computed through a velocity-based
whole-body control formulation expressed as a constrained
optimization problem. To prevent the target object from
leaving the camera field of view, we introduce a field-of-view
constraint based on the estimated object pose in the camera
frame, which is used to monitor the object position in the
image plane. As the object approaches the image bound-
aries, the allowable camera velocity in the corresponding



Fig. 2: Vision-guided tracking, grasping and control

direction is progressively reduced to keep the object within
the image bounds. This constraint is incorporated into the
whole-body controller as an additional inequality constraint.
Additionally, we define safety zones around obstacles on the
map. When the robot is far from an obstacle, navigation
mode is activated using ROS Navigation [15]). In close
proximity to obstacles, we incorporate distance-dependent
velocity inequality constraints into the control framework to
guarantee the tracking performance. These constraints ensure
that the robot’s velocity asymptotically attenuates to zero as
it nears an obstacle, thereby providing a formal guarantee
for collision-free motion.

Target Pose Generation for Grasping Moving Objects:
The system processes depth observations to obtain a point
cloud representation of the scene, which is filtered and seg-
mented to isolate the target object using the Density-Based
Spatial Clustering of Applications with Noise (DBSCAN)
algorithm [16]. To maintain and update the estimate of the
object pose over time, standard registration techniques are
employed, including coarse alignment using Random Sample
Consensus (RANSAC) [17] and fine alignment using Point-
to-Plane Iterative Closest Point (ICP) [18], together with
point cloud completion. Based on the estimated object pose,
a grasp pose is chosen from a curated set according to task-
relevant constraints, defining the corresponding pre-grasp
target used as the reference for control. As the object moves,
the target pose is continuously updated and followed by the
controller in a closed-loop manner.

III. RESULTS

We validate the proposed method in both simulation and
real-world settings. The experimental platform consists of
a UR10 robotic arm equipped with an RG2-FT gripper,
mounted on a MIR200 mobile base, with a wrist-mounted
RGB-D camera (Femto Bolt [19] in the real-world setup).
The experiments evaluate the robot’s ability to continuously
follow object-relative pre-grasp target poses as the object
moves.

In simulation, we evaluate whether the proposed con-
troller can follow target poses under object motion and
handle obstacle avoidance. To this end, we consider three
representative target motion patterns with noise: sideways,
backwards, and nonlinear trajectories, capturing both motion
dynamics and directional changes. As shown in Fig. 3a–
3c, the robot is able to reach an initial pre-grasp con-
figuration and continuously track the updated target poses
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Fig. 3: Example trajectories and obstacle avoidance. Red:
target noisy trajectory; Blue: end-effector trajectory.

throughout the object motion. Quantitatively, the average pre-
grasp tracking errors are 6.21 cm for the sideways motion,
3.20 cm for the backward motion, and 3.34 cm for the
nonlinear motion. We further evaluate the controller in an
obstacle avoidance scenario, illustrated in Fig. 3d, where
the robot safely avoids the obstacle while still reaching
the target pre-grasp pose. Overall, these results demonstrate
the effectiveness of the control strategy for coordinated and
reactive motion generation for moving targets with obstacle
avoidance.

In real-world experiments, we verify the framework using
a hand-held target object. As shown in Fig. 1, the system
can detect the target object and estimate its pose from
the observed point cloud. As the object is moved by a
human, the robot maintains tracking behavior and follows the
updated target pose. These results indicate that the proposed
framework can operate in real-world settings and support
reactive tracking of grasp-related target poses for moving
objects.

IV. CONCLUSION

In this work, we present a framework for grasping of
moving objects using a mobile manipulator with whole-
body control. By coordinating the motion of the mobile
base and manipulator within a unified control formulation,
the system can adapt its motion in real time to maintain
feasible grasp configurations. Future work will focus on more
extensive evaluation of the proposed method, improving
robustness and extending the system to operate in more
complex environments. In particular, we aim to incorporate
active camera viewpoint selection for improved object recon-
struction and tracking, integrate predictive models of object
motion to better anticipate target movement, and develop
more adaptive base motion strategies that account for task
and environmental constraints.
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