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Abstract—The decontamination of nuclear waste remains
a challenging and largely manual process, exposing human
workers to physical strain and potential health risks due to
radiation. In this work, we present a manipulation pipeline for
grasping unknown objects in heavily cluttered environments,
motivated by real-world decontamination scenarios addressed
in the ROBDEKON project. The proposed system integrates
a robust perception pipeline for scene segmentation, a ma-
nipulation framework for grasp generation and selection and
a failure detection and recovery mechanism. OQur approach
enables autonomous grasping of previously unseen objects
in a cluttered scene from containers and prepares them for
subsequent decontamination steps, thereby improving worker
safety and increasing overall process efficiency.

I. INTRODUCTION

Nuclear decontamination still relies largely on manual
labor, with workers removing contaminated objects from
cluttered containers for processing. This task is physically
demanding, requires heavy protective equipment, and ex-
poses workers to ionizing radiation, making the duration
of human work strictly regulated. These limitations reduce
productivity and motivate the development of robotic solu-
tions that can take over hazardous and repetitive tasks. The
ROBDEKON project seeks to automate key decontamination
steps to improve safety, working conditions, and efficiency
in nuclear decommissioning.

A crucial prerequisite for autonomous manipulation is
robust scene understanding in complex, cluttered environ-
ments, as objects are unknown, unordered, and often partially
occluded. Previous work in decontamination scenarios relied
on local surface analysis for scene understanding and grasp
generation [1]. While effective in cluttered scenes, such
approaches are limited by hand-crafted geometric features
and local heuristics, particularly under occlusions, sensor
noise, or challenging surfaces. Recent advances in foundation
models for perception offer new opportunities to address
these limitations. In particular, segmentation models trained
on large-scale datasets enable robust decomposition of com-
plex scenes into individual object instances, improving scene
understanding over purely geometry-based approaches.
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For grasp generation and execution, our work builds on
the MAkEable mobile manipulation framework [2], which
structures manipulation tasks into distinct stages: Discov-
ery, Parameterization, Validation, Selection, and Execution.
This enables systematic reasoning over multiple manipu-
lation hypotheses and flexible task execution, facilitating
the transfer of capabilities and knowledge. However, in its
current form, MAkEable primarily treats grasp actions as
independent unimanual actions and does not explicitly reason
about handedness or paired grasps for grasping unknown
objects. Such reasoning was previously performed manually
via a teleoperation, limiting autonomous manipulation of
heavy and large objects. Furthermore, the execution stage
operates in an open-loop manner without explicit grasp
success verification. These limitations are addressed in this
work.

In summary, this work contributes (i) a foundation-model-
based perception pipeline for cluttered decontamination
scenes, (ii) an extension of the MAkEable framework towards
bimanual grasp selection for unknown objects, and (iii) an
execution-level failure detection and recovery mechanism.

II. APPROACH

Our manipulation pipeline follows the stages of the MAKE-
able framework and extends them with improved perception,
bimanual grasp handling of unknown objects, and execution
level feedback. An overview of the complete pipeline is
shown in and is discussed in the following sections.

1) Perception: The perception module forms the basis
for robust grasp generation in challenging environments.
We employ FoundationStereo [3], a neural network—based
stereo vision model, to acquire dense and accurate point
cloud representations, including transparent, reflective, or
absorbing objects. For scene decomposition, we use the
Segment Anything Model 2 (SAM?2) [4] to segment the scene
into individual object instances. To obtain more uniform
scene sampling, the initial prompt grid is generated using
a Sobol sequence [5] instead of a Cartesian grid. Building
on this, we implemented a self-prompting configuration of
SAM?2 similar to [6], in which mask centroids from the initial
prompts are reused for subsequent inference. This implicitly
encodes scene structure and object-level priors, resulting in
more consistent masks and reduced oversegmentation at the
cost of increased runtime.

2) Discovery: Based on the segmented point cloud pro-
vided by the perception module, object oriented bounding
boxes (OOBBs) are fitted for each object instance [7]. These
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Fig. 1: The pipeline begins with the perception of the scene and its segmentation into individual objects instances. Based on this
representation, grasp hypotheses are generated, parameterized, validated, and ranked. The best ranked grasp is then executed, after which
in-hand sensing is used to detect failures. If needed, the system triggers appropriate recovery strategies to continue the manipulation task.

OOBBs serve as geometric abstractions for subsequent grasp
generation. Grasp hypotheses are then generated on the
OOBBs along their first principle axis. At this stage, the
grasp hypotheses are robot-agnostic and represent abstract
manipulation intents rather than executable action.

3) Parameterization: During the parameterization stage,
abstract grasp hypotheses are instantiated as robot-specific
actions, containing all information required for execution
(e.g., robot base poses, and end-effector trajectories).

4) Validation: The generated actions are evaluated in
a validation stage to ensure feasibility and success. This
includes reachability checks, collision checking at the ex-
ecution pose, and hand orientation validation. Optionally,
for a bimanual grasp it is checked, if the grasps handedness
matches the corresponding side of the object. Actions that
violate any validation criterion are filtered out.

5) Selection: In the selection stage, the remaining valid
actions are ranked according to multiple heuristics, such as
the height of the grasp point and the distance the robot must
move to reach the grasp [8]. For bimanual manipulation, the
best ranked candidate grasp for the left and right hand for
each object are combined into coordinated, symmetric grasp
actions [9], effectively treating the object as two unimanually
graspable subregions subject to handedness constraints. The
result is a ranked list of executable actions.

6) Execution, Failure Detection and Recovery: During
first time execution, the robot performs the highest ranked
grasp action. After execution, grasp success is evaluated
using multiple sensor modalities, including finger joint en-
coders, a wrist-mounted force-torque sensor, and a hand inte-
grated time-of-flight (ToF) depth sensor [10]. Grasp success
is inferred from threshold-based cues on joint closure, force-
torque signatures, and depth measured by the in-hand ToF
sensor. If a grasp is detected as unsuccessful, the method
automatically applies one of two recovery strategies:

o Next-Grasp Recovery: The next best grasp from the
ranked list is executed.

« Full Reinitialization: The perception and grasp gen-
eration pipeline is restarted, updating the scene repre-

sentation to account for any changes caused by prior
interactions.

The system first attempts Next-Grasp Recovery, and only
if repeated attempts fail, Full Reinitialization is triggered.
This structured recovery mechanism allows the system to
recover from failures in grasp execution and achieve robust
emptying of the cluttered box.

III. PRELIMINARY EVALUATION

We evaluate the proposed pipeline for unimanual grasps on
the humanoid robot ARMAR-DE in a heavily cluttered sce-
nario with unknown objects. The robot autonomously grasps
objects from a cluttered box and places them into a target
box. Five experiments were conducted, each transferring five
objects. In total, 42 grasp attempts were executed, 25 of
which were successful, yielding a success rate of =~ 60%.
Next-Grasp Recovery was applied in 82% of cases.

All experiments were run using the pipeline’s fastest
configuration. Even though grasp failures occurred, every
experiment was ultimately completed successfully, with all
five objects transferred. These results demonstrate that the
method reliably completes the task autonomously, achieving
a throughput of approximately one object every 90 seconds.

IV. CONCLUSION AND FUTURE WORK

In this work, we presented a manipulation pipeline for
grasping unknown objects in heavily cluttered environments,
developed in the context of the ROBDEKON project. The
proposed system integrates robust perception, manipulation
planning, and failure recovery to enable autonomous grasp-
ing in challenging real-world scenarios.

Current limitations include naive grasp generation based
on box-shaped primitives. Future work will focus on data-
driven grasp generation directly from point cloud data, more
intelligent grasp execution under environmental constraints,
improved integration of bimanual grasping, reactive grasping
using the in-hand ToF sensor, and multi-robot execution via
a ROS bridge.
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