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Abstract—This paper presents a modular manipulation
pipeline for CALL-M, a mobile robot developed at CNRS-
AIST JRL for semi-autonomous pick-and-place operations in
convenience store environments. The system leverages a ROS 2-
based architecture integrating 3D perception, grasp detection,
and motion planning using MoveIt 2. The pipeline comprises
modular stages—point cloud acquisition, object selection, grasp
estimation, and trajectory generation—coordinated by a cen-
tralized task manager.

Validation in both simulation and real-world scenarios
demonstrated successful grasps. While simulation confirmed
reliability under ideal conditions, real-world trials revealed
challenges due to sensor noise, workspace constraints, and mis-
alignments in grasp pose generation. Despite this, the system’s
modularity and adaptability make it a scalable solution for
manipulation in semi-structured environments.

Index Terms—Grasping, Manipulation, Motion Planning,
ROS2, Robotics

I. INTRODUCTION

Mobile manipulators combine locomotion with dexterous
manipulation, enabling complex tasks across industrial, ser-
vice, and domestic domains. They support automation of
repetitive labor, remote assistance, and operation in hazardous
or dynamic environments [1], [2].

These systems typically follow one of three paradigms:
manual, semi-autonomous, or fully autonomous. Manual sys-
tems rely on teleoperation and remain effective in unstruc-
tured environments like home care [2]. Fully autonomous
systems perform end-to-end tasks in structured settings such
as factories and warehouses [3], [4]. Semi-autonomous sys-
tems strike a balance by allowing high-level human input
while autonomously handling low-level tasks like grasping
and navigation [5].

This paper introduces a semi-autonomous manipulation
pipeline for CALL-M [6], a mobile manipulator developed
at CNRS-AIST JRL1. CALL-M features a TriOrb omnidi-
rectional base2, a UR5e arm with a Robotiq 2F-85 gripper,
and an Intel Realsense D435i depth camera (Fig. 1c). For
navigation and obstacle awareness, it also includes two ZED
Mini cameras (Fig. 1b) and two RPLIDAR A1M8 LIDARs
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(a) CALL-M robot sensors and actuators.

(b) Frontal ZED Mini camera for navigation.

(c) End-effector-mounted Intel Realsense D435i at an angle of 45°.

Fig. 1: Overview of the CALL-M robot: sensors and cameras.

(Fig. 1a). The intended use of this robot is to improve the
physical workload of convenience store workers through the
use of semi-autonomous manipulation technologies, mainly
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for product management (i.e., stock and retrieve products)
operations without modifying the environment where the
system is intended to be used. This scenario reflects the need
for technology to avoid physically performing long repetitive
tasks, with the potential to be fully automated and scaled (see
[7]).

The main contribution of this work is a modular, ROS 2-
based software architecture for semi-autonomous grasping of
unknown objects using real-time perception [8], [9], grasp
detection [10], and Cartesian motion planning [11]. The
system is validated in simulation and real-world settings,
demonstrating successful grasp execution and revealing key
limitations in constrained environments.

The remainder of this paper is organized as follows:
Section II reviews related work; Section III details the system
architecture; Section IV describes the grasping pipeline;
Section V presents experimental results; and Section VI
concludes with future directions.

II. RELATED WORK

Mobile manipulators have gained prominence in robotics
by combining navigation and manipulation capabilities
through multi-modal sensor integration. They have been
deployed at varying levels of autonomy—ranging from man-
ual control to fully autonomous operation—across diverse
domains.

For instance, [2] presented a home-assistance robot for
motor-impaired users, integrating a minimal user interface
(e.g., head tracker) with autonomous navigation and grasping.
Similarly, [12] demonstrated a fully autonomous mobile
robot capable of retrieving and delivering store items using
onboard perception and planning, even navigating elevators
and queues without environmental modifications.

Hybrid systems strike a balance between autonomy and
user control. In [1], operators manually defined grasp and
drop points for trash collection, while the robot autonomously
executed manipulation actions, demonstrating the effective-
ness of shared control in semi-structured environments.

In contrast, the CALL-M system targets semi-autonomous
manipulation in cluttered environments such as the shelves in
convenience stores. It follows a semi-autonomous paradigm
where grasp pose generation and motion planning are auto-
mated, while object identification and filtering are performed
by the user via RViz.

Unlike many state-of-the-art approaches that rely on ex-
tensive object models, complex perception stacks, or fully
autonomous decision-making, the manipulation pipeline for
CALL-M is designed to be lightweight and accessible. This
design reduces cognitive and manual effort by offloading
key manipulation processes to the system, while maintaining
human oversight.

The proposed ROS 2-based pipeline offers several ad-
vantages: (1) modularity for integrating alternative sensors
or planners; (2) user-transparent control through interactive
object selection; and (3) improved reliability via real-time

Fig. 2: ROS 2-based software architecture of the CALL-M
robot. The Jetson Orin Nano (right-up block) handles point
cloud acquisition and filtering. The Intel NUC (left-low
block) runs ROS 2 nodes for grasp detection, planning,
and control. The task manager coordinates the sequence of
operations via service calls.

OctoMap updates, which enhance planning safety under
imperfect perception.

III. PROPOSED SYSTEM ARCHITECTURE

The CALL-M robot employs a distributed computing
architecture across two onboard computers to balance com-
putational load and support real-time operation. A Jetson
Orin Nano handles sensor data acquisition and point cloud
processing, interfacing with the end-effector-mounted Intel
Realsense D435i and two side-mounted ZED Mini cameras.
Meanwhile, an Intel NUC is responsible for motion planning
and control of both the UR5e robotic arm and the TriOrb om-
nidirectional base. Each PC manages its directly connected
components and communicates via a shared ROS 2 network
(see Fig. 2).

System behavior is coordinated by a central script—the
task manager—implemented as a state machine, similar
to the approach in [13]. It orchestrates pipeline execution
by sending service calls to modular ROS 2 server nodes
responsible for point cloud filtering [9], grasp detection [10],
and motion planning [11], [14].

The task manager runs externally on the operator’s PC.
Since it does not require direct hardware access, it can be
executed on any machine within the ROS 2 network, allowing
for seamless deployment in both simulation and real-world
scenarios.

The proposed system consists of four main software mod-
ules, each implemented as a ROS 2 node or script to enable
semi-autonomous object manipulation:

A. Task Manager

The task manager serves as the control unit of the pipeline.
It communicates with other nodes using predefined ROS 2
clients and executes robot actions based on an internal state
machine. This architecture allows for modular integration of
high-level logic with low-level control.
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B. Point Cloud Server

This node processes depth data from the Intel Realsense
D435i (see Fig. 1c). Captured point clouds are saved as PCD
files using the PCL library [9]. A fixed-height filter removes
shelf surfaces, assuming that shelf levels remain constant,
thus isolating potential grasp targets. It also supports multi-
view concatenation (see Fig. 4) for better reconstruction of
partially occluded objects.

C. Grasp Pose Detection Server

This module wraps the GPD (Grasp Pose Detector) al-
gorithm [10] as a ROS 2 service. It receives a filtered
point cloud and a configuration file defining the gripper
model, approach directions, and scoring parameters. GPD
uses a CNN (Convolutional Neural Network) to evaluate
grasp candidates and returns the highest-scoring pose to the
task manager (see Fig. 6).

D. Arm Server

The arm server provides services to control the UR5e arm
via MoveIt 2 [11]. It supports both pose-based planning
using OMPL (Open Motion Planning Library) [14] and
Cartesian trajectories for fine motion control. Integration with
OctoMap [8] enables real-time collision checking using a
3D occupancy map, ensuring safe manipulation in cluttered
environments (see Fig. 3).

IV. METHODOLOGY

To perform semi-autonomous grasping of objects placed on
shelves, the CALL-M manipulation pipeline is organized into
five sequential stages: environment scanning, point cloud ac-
quisition, object filtering and selection, grasp pose detection,
and path planning. Each stage corresponds to a specific state
within the Task Manager, which coordinates the execution of
the individual ROS 2 modules (server nodes, Fig. 2).

A. Environment Scanning

Environment scanning combines autonomous and manual
steps to construct a collision-aware 3D occupancy map using
OctoMap [8], [11]. The robot first performs four 90° in-place
rotations to capture a panoramic view of the surroundings for
initial obstacle mapping (see Fig. 3).

To further refine the map, the operator manually guides
the arm to additional viewpoints (Fig. 4). Point clouds from
these poses are fused into the existing OctoMap to enhance
scene fidelity. Although OctoMap visualization is hidden
after initialization, its voxel data remains active and continues
to support collision-aware planning.

B. Camera Positioning and Point Cloud Acquisition

This stage focuses on capturing point clouds of the object.
The operator guides the arm to different viewpoints, with
live and accumulated point clouds shown in RViz to assist
view selection (Fig. 4). Unlike the previous stage, this phase
emphasizes object detail rather than obstacle mapping.

Fig. 3: OctoMap generated during the environment scanning
phase using the end-effector-mounted depth camera.

Fig. 4: Accumulated point cloud (colored) overlaid with the
live camera feed. Points highlighted with the yellow contour
at the left end of the shelf represent the most recent sensor
data.

To reflect typical convenience store scenarios, the object
is assumed to rest on a shelf at a known approximate
height, which simplifies the filtering process. Multiple views
are concatenated into a single point cloud for subsequent
analysis.

C. Point Cloud Filtering and Object Selection

After the complete point cloud is built, a two-stage filtering
process is applied. First, a fixed-height filter removes all
points that fall outside the vertical range of the shelf. This
is based on the assumption that shelf levels in convenience
store-like environments are placed at known, consistent
heights. By keeping only the points within a narrow height
band, the system eliminates irrelevant surfaces such as the
floor, ceiling, or higher/lower shelf levels.

Next, Euclidean clustering is performed using the PCL
library [9] to segment individual object candidates (see
Fig. 5a). Then, the operator selects the target object by
clicking on it using the RViz Publish Point tool [15]. The
system identifies the nearest cluster using a KD-tree [16]
search and highlights it for confirmation (Fig. 5b). Once
confirmed, grasp pose detection is triggered.
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(a) Object candidates segmented using Euclidean clustering. Colors
vary by position along the Y-axis (see Fig.9.) with RGB encoding.

(b) Selected cluster highlighted in yellow after user input in RViz.

Fig. 5: Object filtering and selection using height filtering
and Euclidean clustering.

D. Grasp Pose Detection

Grasp pose candidates are generated using the Grasp Pose
Detection (GPD) algorithm [10], which is integrated into
the system as a ROS 2 service. The service receives a
point cloud along with a configuration file that defines the
gripper geometry, approach constraints (such as prioritizing
grasps along the±Y axis, see Fig. 9), and camera viewpoints.
GPD evaluates each candidate pose using a CNN trained to
predict grasp success likelihood. The pose with the highest
confidence score is returned to the task manager for execution
(see Fig. 6).

E. Path Planning and Execution

Upon receiving the selected grasp pose, the task manager
invokes the arm server, which uses the Open Motion Planning
Library (OMPL) [14] in conjunction with MoveIt 2 [11]
to compute a collision-free trajectory. For approach mo-
tions—such as closing in on the object—Cartesian planning

Fig. 6: Grasp planning and execution visualization. The
orange frame represents the operator-defined pre-grasp pose.
The blue-and-red gripper shows the best grasp candidate
returned by GPD [10]. The purple model indicates the
planned trajectory of the arm using MoveIt 2, while the robot
in true colors is shown executing the motion of the real one.

is employed to ensure precision and linearity. Once the end-
effector reaches the target pose, the gripper closes to secure
the object (Fig. 6).

V. EXPERIMENTS

The manipulation pipeline was evaluated through a series
of pick-and-place tasks in both simulation and real-world
environments. These tests aimed to validate the system’s
robustness and modular design, focusing on the coordination
of point cloud acquisition, grasp pose detection, and motion
planning. Evaluations involved grasping previously unseen,
box-like and cylindrical objects.

A. Simulation Tests

Simulation experiments were performed using the Gazebo
simulator [17], chosen for its compatibility with URDF
models and its simulation of sensors and actuators through
gazebo ros pkgs [18]. The simulated platform included a
UR5e robotic arm [19], a generic two-finger gripper, and
a 3D camera simulated using the gazebo ros openni kinect
plugin.

The robot was positioned facing a five-level shelf (Fig. 7a),
each level providing 40 cm of vertical clearance. Objects
were randomly distributed on the shelves with similar ori-
entations—rectangular objects placed such that one external
face was parallel to the shelf surface to simplify grasping.

During the trials, the robot remained stationary while the
operator scanned the environment and selected objects using
RViz [15] (see Fig. 7b), triggering grasp pose detection and
motion planning via the Publish Point tool. Although grasp
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(a) Simulation setup in Gazebo, showing the shelf and CALL-M.

(b) Point cloud and simulated camera 2D image.

Fig. 7: Simulation and visualization interfaces used to vali-
date the manipulation pipeline.

Fig. 8: Grasp pose detection performed on the user-selected
cluster (highlighted in yellow). An example of an identified
object cluster is shown using RGB encoding.

execution was not simulated3, the robot consistently reached
the planned end-effector poses, validating the pipeline’s per-
formance under ideal conditions (see Fig. 8).

B. Real-World Experiments

The system’s real-world performance was evaluated with
the CALL-M robot positioned 0.45 m from a physical shelf,

3Grasping actions were omitted in simulation due to the complexity and
limited fidelity of simulating grasp dynamics in Gazebo. The evaluation
focused on the computation of valid grasp poses and generation of safe
trajectories.

Fig. 9: CALL-M’s coordinate frame used for transforming
grasp poses.

measured from the robot’s front edge to the shelf’s nearest
edge. The shelf measured 2.1 m in height and 1.7 m in
width, with four levels spaced 0.3 m apart. Only the third
level was used for testing, as the lower two and uppermost
levels were excluded due to limited reachability and potential
kinematic singularities near the robot’s base. Grasping trials
involved box-shaped toys and cylindrical containers such as
PET bottles.

During all trials, the robot remained stationary. Object
selection and point cloud acquisition were performed using
RViz. Once a target object was selected, the point cloud was
filtered, a grasp pose was computed using GPD [10], and a
Cartesian trajectory was planned and executed. The object
was deposited into a container (attached basket) by reversing
the same trajectory (see Fig. 12).

A total of 45 trials were conducted across nine experimen-
tal conditions, defined by three lateral placements (center,
left, and right) and three distances from the shelf edge (0,
8, and 15 cm), with five repetitions per condition. The lateral
positions were spaced 20 cm apart from the center.

Grasp success rates were recorded to evaluate performance.
An example of a successful grasp is shown in Fig. 10, and
the overall results are summarized in Table I.

In addition to success rates, the Euclidean error between

TABLE I: Grasping Success: Successful attempts / repetitions
(Success Rate)

Distance (cm) Position Successful Attempts / Repetitions (Rate)

0
Center 5/5 (100%)

Left 5/5 (100%)
Right 4/5 (80%)

8
Center 2/5 (40%)

Left 3/5 (60%)
Right 4/5 (80%)

15
Center 2/5 (40%)

Left 2/5 (40%)
Right 3/5 (60%)
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Fig. 10: Example of a grasping operation with the object
placed 15 cm from the shelf edge.

Fig. 11: Distance error between planned grasp poses and
actual object positions in failed trials for each lateral position.
The 0 cm distance was omitted because there were no errors
in those trials.

the planned grasp pose and the actual object location in failed
attempts was analyzed. Fig. 11 shows the error distribution,
highlighting a correlation between object distance and local-
ization error.

C. Observations and Analysis

The experimental results reveal several key trends:
• Close proximity improves success: At a distance from

the shelf of 0 cm, grasping success reached 100% in
most cases. Performance declined noticeably at 8 and
15 cm, particularly at the center and left positions.

• Right-side grasps were more robust: Success rates on
the right remained relatively high (60–80%) across all
distances, possibly due to better sensor coverage or more
favorable arm kinematics.

• Greater distance increased perceptual error: In-
creased object distance degraded point cloud quality and
localization accuracy, contributing to grasp pose failures.

• Center grasps were most affected by error: Success
rates at the center dropped from 100% to 40% as
distance increased, likely due to occlusions or reduced
depth sensing along the robot’s frontal axis.

While the pipeline performed reliably under controlled
conditions, its performance degraded in more realistic sce-
narios involving sensor noise, workspace constraints, and
object misalignment. Notably, the GPD module [10] often
failed to generate viable grasp candidates when objects were
not horizontally aligned. The current system supports only
horizontal approach vectors (Fig. 13), limiting its robustness
when handling diverse object poses.

These findings highlight the need for more adaptive grasp
estimation and trajectory planning strategies to improve
performance in unstructured environments. Enhancing the
perception stack (with higher-fidelity cameras or improved
depth estimation techniques) could also reduce point cloud
errors and increase grasping reliability.

VI. CONCLUSIONS

This paper presented a modular manipulation pipeline for
the CALL-M mobile manipulator, developed on a ROS 2-
based architecture that integrates point cloud acquisition,
grasp pose detection, and motion planning. The system was
evaluated through simulation using Gazebo and real-world
experiments with a UR5e robotic arm and a Robotiq 2F-85
gripper.

Simulation results demonstrated that the pipeline can con-
sistently generate valid, collision-free trajectories under ideal
conditions. Real-world experiments validated the system’s
practical viability but also revealed limitations related to sen-
sor noise, workspace constraints, and difficulties in grasping
non-aligned objects. Additionally, although no critical errors
were observed during testing, executing Cartesian trajectories
near the boundaries of the arm’s workspace may pose control
and stability challenges due to proximity to kinematic singu-
larities. Another limitation is the lack of consideration for the
grasped object when retrieving the arm, which could cause
collisions with nearby objects in more challenging scenarios.

Despite these considerations, the results validate the fea-
sibility of a modular, semi-autonomous manipulation frame-
work. The system successfully completed pick-and-place op-
erations across varying positions and distances, highlighting
its adaptability and modular structure as a foundation for
further development.

Future work will focus on increasing robustness in real
convenience store operations by focusing on cluttered and
dynamic environments. Key directions include improving
grasp pose estimation, enhancing point cloud filtering un-
der noisy conditions, and developing more adaptive motion
planning strategies that explicitly account for interactions be-
tween the grasped objects and their surroundings. Integrating
mobile base repositioning to improve reachable workspace
and relaxing constraints on Cartesian planning are expected
to significantly boost the robot performance in multi-object
restocking or item-retrieval scenarios.
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(a) Filtering phase: cluster identification from the point cloud. (b) Selection phase: user selects a cluster using RViz [15].

(c) Arm planning toward the grasping pose. (d) Planning to a pre-grasp pose.

(e) Arm reaching the object drop location.

Fig. 12: Sequence of the autonomous grasping execution: cluster filtering (same color code as Fig. 5 and Fig. 6), selection,
planning, and object deposition.
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(a) Motion planning in execution
after the user selects the target.

(b) Grasping execution after
reaching the desired pose.

(c) Arm reversing the extraction
motion.

(d) Arm releasing the object into
the basket.

(e) Arm returns to the initial
observation pose.

Fig. 13: Snapshots of the robot executing the pipeline in a
real-world scenario.
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