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Abstract—Robotic processing of apparel items and accessories
is still challenging because such products exhibit strong variabil-
ity in geometry, material composition, deformability, and struc-
ture. Planar garments, multilayer textiles, footwear, and other
apparel-related items require different sensing, interpretation,
and execution strategies, limiting the generalization of highly
task-specific solutions. This paper presents a reconfigurable
ROS2-based robotic architecture for heterogeneous apparel items
and accessories. The framework integrates visual perception,
semantic feature extraction, coordinate transformation, task
planning, motion planning, execution, and feedback handling into
a unified pipeline deployable on a single-arm robotic platform.
The aim is to provide a flexible, multi-task architecture for het-
erogeneous items and operations in realistic industrial workflows.
Rather than targeting a single product category or operation, the
architecture analyses the visual and geometric characteristics
of the target item and configures the processing workflow
accordingly. The framework is here instantiated for selective
disassembly, a demanding circular economy use case requiring
accurate localization and treatment of seams and heterogeneous
components. A case study on jumpers and footwear demonstrates
how the same architectural backbone can support substantially
different item geometries and processing requirements.

Index Terms—Task-Adaptive Robotics, Visual Perception, Col-
laborative Robotics, ROS 2, Circular economy.

I. INTRODUCTION

The automation of operations involving apparel items and
accessories is becoming increasingly relevant in both industrial
and circular-economy contexts [1]–[3]. These products exhibit
wide variability in geometry, material composition, stiffness,
layering, and assembly details, making it difficult to design
robotic systems that generalize across multiple product cate-
gories and tasks. A practical solution should therefore not be
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conceived as a task-specific pipeline, but as a reconfigurable
architecture capable of perceiving heterogeneous items, inter-
preting relevant structures, and adapting the execution strategy
accordingly.

This need is particularly evident when target objects range
from nearly planar garments to fully three-dimensional items,
such as shoes and structured accessories. Inspection, seam fol-
lowing, trimming, component removal, selective disassembly,
and sorting share common requirements, including visual and
geometric perception, identification of task-relevant features,
image-to-robot coordinate transformation, task sequencing,
motion generation, and online adaptation. However, these
capabilities are often addressed separately or for narrowly
defined use cases, limiting the transferability of existing solu-
tions.

Although apparel manufacturing is progressively adopting
automation, current solutions often rely on dedicated machines
for individual processes [4], [5]. Sewing machines provide
a relatively high degree of flexibility, but remain restricted
to specific operations and quasi-planar tasks [6]–[8]. Conse-
quently, complete production workflows often require multiple
specialized robotic cells, increasing system complexity, cost,
and reducing adaptability to changes in product types or
processing requirements.

Robotic manipulation of apparel-related objects has been
widely investigated, particularly for garment perception [9]–
[11], grasping and unfolding [12], co-manipulation [13]–[16],
and for the detection of components such as seams, stitches,
and fasteners [17], [18]. While these contributions are valu-
able, integrated architectures capable of handling heteroge-
neous items across different operational requirements remain
limited [19]. The key challenge is therefore the design of a
reusable perception-to-action framework, that can be recon-
figured according to item geometry, structure, and processing
objective.

In this paper, we present a reconfigurable ROS2-based
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robotic architecture [20] for heterogeneous apparel items and
accessories. The key innovative solution provide: 1) a unified
framework integrating perception, semantic feature extraction,
coordinate transformation, task planning, motion planning,
execution, and feedback; 2) an adaptive processing strategy
that analyses the observed product and activates the most
appropriate processing workflow; 3) the integration of task
sequencing and motion generation.

The architecture is validated on selective disassembly of
jumpers and shoes, a demanding benchmark because requiring
accurate localisation of seams, heterogeneous fasteners, and
both planar and three-dimensional structures. The framework
is implemented on a single-arm collaborative robotic setup,
making it compatible with small- and medium-scale facilities,
supporting the European strategy for a sustainable and circular
textile sector [21], [22].

The remainder of this paper is organized as follows: Section
II describes the proposed architecture; Section III presents the
experimental case study; Section IV draws conclusions and
directions for future works.

II. ARCHITECTURE

The proposed ROS2 architecture covers the full pipeline
from apparel-item detection to task execution, addressing
modularity, scalability, and real-time performance. The archi-
tecture, shown in Figure 1, is composed of eight main blocks
(in light blue), along with two additional blocks (in light green)
dedicated to the management of external devices.

Fig. 1: ROS2 Architecture: blue blocks represent the high-level
nodes, green blocks represent the hardware management nodes
and the arrows show the publisher-subscriber connections.

Each block is implemented as a ROS2 node and ex-
changes data through typed topics. The perception pipeline
includes four blocks: garment-type recognition, image acqui-
sition, feature extraction (relevant to the process), and pixel-to-
robot coordinate transformation. The planning and execution
pipeline handles the last four blocks: task sequencing, mo-
tion generation, trajectory execution, and error management.
Specifically, the best sequence of tasks is derived, the motion
of the robotic arm’s end-effector is planned and then executed,
and finally, the last block is used for error management.
The architecture allows the integration of existing robotics
frameworks. Standard solutions are retained when adequate,
such as MoveIt for execution, whereas custom modules are
introduced only if apparel-specific requirements cannot be
directly supported by existing frameworks, such as operation-
dependent task sequencing. The image acquisition and exe-
cution nodes depend on the integrated hardware. The feature
extraction node is highly customizable to allow the imple-
mentation of the optimal neural network depending on the
context. The task planning node implements the core logic of
all processes, depending on the given objectives. Although the
reconfigurable implementation modules need to be adapted to
different apparel items and operations, the architecture is based
on fixed communication interfaces.

It is worth noting that only a subset of nodes depends on
hardware-specific parameters, namely those responsible for
image acquisition and preprocessing, coordinate transforma-
tion, and execution. The former depend on camera parameters,
while the latter depends on the robotic manipulator. The use
of a configuration file, loaded by the launch file, simplifies
parameter setting and improves maintainability.

The following subsections describe the characteristics and
operation of the various blocks in detail.

A. Perception pipeline

1) Detection and Identification:
Publishing topic: garment type

In the first phase of the process, the first node identifies
the garment type and uses this information to select the
appropriate feature-extraction, task-planning, and prioritized
execution strategy. In the current release, the garment type
is predefined by the user, which improves efficiency when
different product categories are not mixed in the same process.
If mixed items are processed, this node can be replaced by an
automatic classification module, for instance based on neural
networks [23], [24]. The selected garment type is published
as a String message on the garment type topic.

2) Image acquisition:
Subscribed topic: garment type, point reached
Publishing topic: images, number of images, target point
Service: camera service

The node handling image acquisition, the second block
in Fig 1, subscribes to the garment type topic, and con-
sequently triggers the corresponding operations required for
image acquisition implemented via OpenCV and device-
specific drivers. The goal of this phase is to provide to the



robotic system geometrical and qualitative information on the
surrounding environment to be used both for motion planning
and control.

The main feature of the vision layer is the camera place-
ment. The vision layer can operate in either eye-to-hand or
eye-in-hand configuration. The former provides a fixed view
of the workspace but may suffer from occlusions, whereas the
latter changes the viewpoint with the manipulator motion (the
camera is mounted on the manipulator’s wrist) and is therefore
better suited to complex geometries. In this work, the eye-in-
hand configuration is adopted due to its better accuracy.

Furthermore, two different types of cameras can be used:
RGB cameras that recognize specific objects from data col-
lected on the same plane, or depth cameras that allow to get
richer information about objects’ position and dimensions.

In the developed architecture, different processes for image
acquisition are applied, depending on the type of garment:

• UNIQUE approach: if the object can be considered as
two-dimensional, a single image of the entire object lying
on a flat surface is taken from above (Fig. 2a);

• RGRID approach: if the object has details that may not
be clearly identified from a single image of the entire
garment, e.g., not easily visible stitching, several close-
up images of the garment are taken, and the overall image
is then reconstructed as a grid (Fig. 2b);

• 360D approach: if the object is intrinsically three-
dimensional, the camera must rotate around the object
to reconstruct its specific shape (Fig. 2c), e.g., to detect
the lateral curvature of a shoe.

(a) UNIQUE approach (b) RGRID approach

(c) 360D approach

Fig. 2: Approaches for acquiring images: brown denotes the
workspace, orange the movement of the camera.

Regardless of the method used to capture images of the
garment, proper coordination of the robot’s motion and the
capture of images from appropriate viewpoints is always
crucial in this activity. The wrist-mounted camera is moved to
ensure complete workspace coverage, prioritizing overlap over
uncovered regions. Two functions are alternatively executed:

the first one moves the robotic arm via the target point topic,
while the second one handles image acquisition, requesting
the camera service. Each function is triggered only upon
completion of the other, ensuring that motion and image
acquisition are mutually exclusive and never overlap. The pose
of the robot reached at each step is received by the node
through the point reached topic.

Despite the specific implementation, the message types
of the topics, where sensor data are published, should be
as standard as possible, in order to exploit existing ROS2
functionalities, like the ones included in the sensor msgs
ROS2 package, dealing with sensor devices. For example, for
an RGB camera, there is the sensor msgs/msg/Image message
type, which contains an uncompressed image with a header
with fields such as timestamp, image dimensions in pixels and
encoding (e.g., rgb8), and a body that is the actual data matrix.

In the developed architecture, image acquisition is imple-
mented as a ROS2 service that is activated at the beginning
of the process. Specifically, the service receives the requested
resolution and returns the image as a sensor msgs/msg/Image
message and a boolean parameter that identifies the success
of the operation.

At the end, the node publishes the acquired images to the
images topic and the information on the number of required
images to the number of images topic. A new message type
was created to pass in a single message the image, the
resolution, the pose of the robot arm from which the image was
taken, together with a string identifying the detected features,
the coordinates in pixels and those converted into the real
world frame that will be handled by the subsequent nodes.

3) Feature extraction:
Subscribed topic: garment type, images
Publishing topic: features pixel

The third node handles the main activity of the process.
Once the images have been acquired, they must be analysed
by a model that extracts the image regions where tasks have to
be executed. The goal of this phase is therefore to automate the
recognition process of such parts in order to define the entire
specific process. The architecture imposes to publish geomet-
rically localized features via the standardized features pixel
topic. Consequently, various neural networks can be inte-
grated. Operative tasks may depend on colour, geometry,
texture, or material composition. Since these properties cannot
generally be separated by simple thresholding, especially in
disassembly-oriented applications, neural-network-based per-
ception is adopted to extract task-relevant regions from the
acquired images. Deep learning approaches have been widely
investigated in recent decades, given their capability to lead
to end-to-end learning where raw input data can be mapped
to the desired output [25]. This contrasts with classic machine
learning algorithms, where models cannot automatically learn
complex and abstract feature representations from raw data,
requiring manual feature engineering.

The identification of task-relevant regions is formulated as
a multi-class semantic segmentation problem [26]–[28], since
pixel-level masks provide more accurate geometric informa-



tion than bounding boxes for planning cutting or manipulation
trajectories [29].

Based on the information on the garment type received
from the garment type topic, a dedicated neural network
is selected to process the acquired images. The extracted
features, together with their pixel coordinates, are merged
with the data from the images topic and published on the
features pixel topic.

To have a unique architecture for all types of garment, it is
necessary to import all the libraries required for the various
neural networks to be used. First, all neural networks must be
brought under the same Pytorch or Tensorflow library, which
are the two main open-source frameworks for deep learning. If
one neural network was trained with Pytorch and another with
Tensorflow, the weights of one of the two must be converted
to avoid compatibility issues between the required versions
of torch, tensorflow, openCV, and numpy. It is also necessary
to pay attention to the Python version required by the neural
network models, as this could create compatibility issues with
the ROS2 version. If the models require Python 3.10, ROS2
Humble is sufficient; otherwise, ROS2 Jazzy is required to use
Python 3.12.

4) Coordinate transformation:
Subscribed topic: features pixel, number of images
Publishing topic: features cartesian

The camera calibration procedure maps the pixel coordi-
nates obtained from the perception node into spatial coordi-
nates in the robot reference frame. In addition to the TF2
library, the transformation relies on two calibration terms:

• Camera Intrinsics: the matrix K ∈ R3,3, containing focal
length, principal point, and screw factor, maps the 2D
image pixels to the camera coordinate frame.

• Camera Extrinsics: the homogeneous transformation ma-
trix Tcam

ee ∈ R4,4 maps the points from the camera frame
to the end-effector frame.

Since manipulator motions are defined with respect to
the robot base frame, each detected pixel coordinate (u, v)
is converted into the corresponding 3D spatial coordinate
(x, y, z), as described in [30].

As introduced in Section II-A2, some objects may require
multiple close-up images with higher resolution to identify
specific parts. In this case, the node also merges the spatial
coordinates obtained from the different views to reconstruct
the complete feature profile. Therefore, it subscribes to the
the number of images topic and starts the fusion only after
all required images have been received. Partial overlaps are
handled by removing duplicate coordinates according to a
proximity threshold, while preserving segment direction and
point ordering.

Upon receiving each message from the features pixel topic,
the robot joint configuration is used to compute the current
forward-kinematics transformation, while the intrinsic matrix
K is evaluated from the camera resolution and calibration
parameters. The resulting coordinates are fused and published
as a single message on the features cartesian topic.

B. Planning and execution pipeline

1) Task Planning:
Subscribed topic: features cartesian
Publishing topic: sequence

The task-planning node converts the detected features into
actions and generates an ordered execution plan. This node is
highly dependent on the application and garment context. The
strategy is independent of the specific apparel type and com-
bines semantic priorities, such as the risk of damaging the item
or the logical order of assembly/disassembly operations, with
performance-oriented criteria, including path length, execu-
tion time, energy use, and tool-change minimization. Beyond
semantic priority, the robotic manipulator minimizes a cost
functional to optimize the overall performance. This choice is
driven by two competing objectives. First, reducing the total
path length lowers energy consumption and execution time,
thereby improving the economic efficiency. Second, and more
subtly, prioritizing smaller impact tasks early in the sequence
helps to preserve the structural integrity of the workpiece.
Indeed, if the system produces fragments with a small surface
area, these would be more difficult to stabilise with supports,
increasing the risk of poor quality in subsequent operations. In
this perspective, task planning is a mechanism for improving
the effectiveness of the overall robotic process [31].

The corresponding ROS2 node subscribes to the fea-
tures cartesian topic to receive the coordinates of the regions
where the identified actions must be executed. Each message
contains a list of Cartesian points arrays, each associated
with a detected feature. These features are mapped to one or
more corresponding actions, allowing multiple operations to be
assigned to the same region when required. Upon reception,
the node formulates and solves an optimization problem to
determine the execution order. Problems of this type can be
interpreted within the framework of integer and combinatorial
optimization, such as the Traveling Salesman Problem (TSP),
which is typically addressed through exact methods including
branch-and-bound [32], cutting planes [33], and branch-and-
cut approaches [34]. When priority constraints are involved,
the problem can be extended to precedence-constrained for-
mulations, such as the Sequential Ordering Problem [35],
or modeled through weighted objective functions [36]. More
generally, it can be framed as a multi-objective optimization
problem, where competing criteria are handled in a hierarchi-
cal or weighted manner [37]. The resulting ordered sequence
of features, and extra instructions (e.g. change tool, place or
remove item), is then published on the sequence topic.

2) Motion Planning:
Subscribed topic: features cartesian, sequence
Publishing topic: trajectory

This node generates the Cartesian trajectory required to
execute the ordered actions on the apparel item. The trajectory
alternates operational segments, which follow the prescribed
task paths, and transition segments, which connect consecutive
operations at a fixed stand-off distance h from the workpiece
surface to avoid unintended contact with adjacent regions.



During transition segments, the end-effector orientation is
not strictly constrained, whereas along operational segments
it becomes task-critical, for example during cutting, sewing,
or stretching operations. Since the operational orientation is
derived from garment features detected by the perception
pipeline, it may be affected by camera noise, neural-network
prediction errors, and pixel-to-Cartesian re-projection artifacts.
To avoid oscillatory tool motions and preserve task quality,
the orientation signal is low-pass filtered before trajectory
construction. Trajectory generation is triggered once both the
feature cartesian and sequence topics messages are available.
The node associates each ordered action with the correspond-
ing Cartesian feature, generates the required operational and
transition segments, and includes predefined task parameters,
such as loading/unloading poses and tool-change locations.
The resulting trajectory is then published on the trajectory
topic.

3) Execution:
Subscribed topic: target point, features cartesian, trajectory,
trajectory corrections, robot state
Publishing topic: movement request, point reached,
step completion

In the current implementation collision-free motion plan-
ning and inverse kinematics are delegated to the MoveIt2
framework. The execution node interfaces the planned trajec-
tory with the robot controller and supervises its completion.
Depending on the controller capabilities and the desired con-
trol level, commands can be issued as Cartesian trajectories,
joint trajectories, joint velocities, or torques. The Cartesian
representation is retained to monitor deviations from the
nominal operational path and to support closed-loop correc-
tions. In all cases, the node continuously monitors the robot
state, expressed as joint configuration or end-effector pose, to
detect motion completion and provide runtime information for
supervision and fault-detection mechanisms [38].

Equally critical is the mechanical fixturing of the garment
during operation. Several support strategies are applicable
depending on the item geometry and the operational context:

• Vacuum table: a suction surface that holds flat garments
in place without mechanical contact, well-suited for two-
dimensional items, such as jackets or jumpers. However,
the energy consumption of the vacuum system is non-
negligible and may increase the overall operational cost

• Clamping bars: mechanical bars that press the garment
against the work surface, providing robust fixturing with-
out energy consumption.

• Shaped mannequin or last: a form that matches the
geometry of the item, particularly effective for three-
dimensional objects. For footwear, mounting the shoe on
a foot-shaped last is the recommended approach, as it
provides a stable reference frame and allows rotation of
the item without occluding any region to be cut.

As described in Section II-A2, this ROS2 node is re-
sponsible for executing the robot motion for image acquisi-
tion by subscribing to the target point topic. The node has
two execution roles. During image acquisition, it receives

target poses from the target point topic, sends motion re-
quests through movement request, and publishes the reached
pose on point reached topic once completion is confirmed
from robot state topic. During task execution, it receives the
planned trajectory from the trajectory topic, forwards it to
the external controller, and monitors robot state to determine
action completion by comparison with the Cartesian features
received from features cartesian topic. Each completed ac-
tion is notified through step completion topic, enabling the
feedback node to provide updated trajectories through tra-
jectory corrections topic when local corrections are required.
When all actions have been completed, a final empty message
is sent on step completion topic.

4) Feedback and error handling:
Subscribed topic: step completion
Publishing topic: trajectory corrections
Service: camera service

The geometry of the garment may change locally during
processing, even when fixturing maintains the item in its
nominal position. This node therefore verifies the consistency
between the current workpiece state and the planned trajectory,
updating subsequent tasks if a displacement is detected. Re-
executing the full perception and planning pipeline after each
operation would introduce significant computational over-
head and latency. Instead, the adopted strategy performs a
lightweight geometric consistency check at every step, com-
paring the current state of the workpiece with the previously
computed plan. Only the trajectory of the immediately subse-
quent task is updated, while the global plan is preserved. This
approach represents a deliberate trade-off between replanning
accuracy and computational efficiency, and aligns with the
step-by-step reasoning that characterizes the human-inspired
design of the overall architecture.

When triggered by the step completion topic, the execution
flow distinguishes three situations: successful completion, re-
coverable errors, and unrecoverable errors. Successful comple-
tion triggers the next planned action, recoverable errors invoke
the local trajectory-correction procedure, whereas unrecover-
able errors terminate the process and notify the supervisory
layer. In case of recoverable errors, the node acquires a local
image through camera service, detects the relevant feature,
and publishes the updated trajectory on trajectory corrections
topic. Since the robot is already positioned near the processed
region, image acquisition, feature extraction, and coordinate
transformation are integrated locally, making the corrective
update faster than full replanning.

For improved adaptability and maintainability, a boolean
flag included in the messages exchanged by the perception
nodes allows this node to replicate the same coordinate trans-
formation pipeline, while distinguishing between corrective
updates and full planning outputs. If the received message
contains no features, or if the newly acquired image contains
unmanageable errors, the node terminates the process.

III. CASE STUDY:



RECYCLING OF JUMPERS AND SHOES

The proposed architecture is designed to handle a wide
range of garment types. The considered case study focuses
on jumpers and shoes, which represent examples of two-
dimensional garments and three-dimensional objects, respec-
tively. The goal is the separation of the heterogeneous ma-
terials they are made of for their future recycle; in the case
of shoes, the sole must be separated from the upper, whereas
for jumpers, the cuffs, hem, and neckline must be removed,
because they contain elastic components. Disassembly was
selected as a representative application in the real world, even
if only a partial experimental validation is allowed in university
laboratories, because cutting tools cannot be mounted on the
robot end-effector for safety reasons.

(a) The jumper. (b) The shoe.

Fig. 3: The considered test cases.

The system hardware consists of a Ufactory xarm6 robotic
manipulator and an Intel RealSense depth camera. The ROS2
architecture is deployed on a laptop running Ubuntu 24.04
with ROS2 Jazzy.

The implemented neural networks include U-Net, U2-Net,
and SAM3 (Segment Anything Model 3) [28], requiring the
following software environment configuration:

• Python 3.12 or higher
• NumPy 1.26.4
• PyTorch 2.7 or higher

The carried out tests allow to make a preliminary but
significant validation of the entire perception pipeline, and
partially of the planning and execution one. The tests are
performed in a university lab, avoiding the last execution
phase, in which the garments should be actually cut, for
safety reasons (a dedicated tool for safe cutting is under
construction). In must be noted that the execution of such
phase is not mandatory to evaluate the correct working of the
proposed architecture, but it would be useful only to assess
the specific recycling goal. The implementation and execution
of the various nodes/phases are detailed hereafter.

Apparel Identification
As discussed in Section II-A1, the garment type is assumed to
have been chosen by the user, selecting the shoe or the jumper
option. The node publishes the type selected by the user as a
string to the garment type topic.

Image Acquisition
The callback associated with the garment type topic generates
a list of target poses in a fixed workspace around the item. The
image acquisition strategy depends on whether the garment
is three-dimensional (shoe) or predominantly planar (jumper).
For planar garments, a single top-view image is sufficient,
provided that key regions such as cuffs, hem, and neckline
are fully visible (Fig. 2a). For shoes, it includes two lateral
viewpoints (left and right sides), covering its geometry (Fig.
2c). Since the 360° acquisition requires camera motion, an
eye-in-hand configuration is adopted (see Section II-A2). The
required number of images is then published as an Int32
message on the number of images topic. Subsequently, the
first motion is requested by publishing the initial target pose
on the target point topic. Once the motion is completed, the
callback associated with the point reached topic is triggered.
The actual reached pose is stored, and the camera service
is invoked to acquire an image. Upon reception, the image
is published using a custom message type, PhotoData.
The PhotoData message includes the following fields: a
sensor_msgs/Image containing the captured image; an
array Line[] (custom type), where each element consists of
three float64[] arrays representing the x, y, and z coor-
dinates, for both pixel and Cartesian lines; a float64[6]
array representing the acquisition pose; and an int32[2]
array specifying the image resolution (width and height). This
process is repeated until the established number of acquired
images is achieved.

Feature Extraction - Seam and Region Detection
The node adapts its processing strategy according to the gar-
ment type received via the garment type topic. For jumpers,
a U-Net segmentation network is used to identify the stretch
fabric regions to be removed (see Fig. 4a). In parallel, U2-Net
is employed to isolate the garment from the background. The
boundaries between each target region and the surrounding
fabric are then extracted, thinned to a one-pixel skeleton, and
converted into continuous cutting lines (see Fig. 4b). The
single image received on the images topic is processed, and
the resulting pixel coordinates are stored in the Line[] array
before being published on the features cartesian topic.
For footwear, the system processes multiple images using
SAM3; the prompt “stitching” has been selected for its high
accuracy in detecting seams (see Fig. 4c and 4d). Since
individual stitches may appear in more than one image, a
reconstruction step consolidates these detections into a consis-
tent representation in the inertial reference frame, according
to the coordinate transformation described in the next section.
Each image received on the images topic is processed inde-
pendently, its pixel coordinates are stored in the corresponding
Line[] array, and the resulting messages are published on
the features cartesian topic.

Coordinates Transformation
Upon reception of each image from the features pixel topic,
the pixel coordinates zd, u, v stored in the message are con-
verted in Cartesian coordinates, as described in Section II-A4.
The information provided by the message is used to com-



(a) Identified regions by UNET (b) Extrapolated lines of the
jumper

(c) Identified regions by SAM3 (d) Extrapolated lines of the shoe

Fig. 4: Steps for determining cutting lines: first identification
of the regions, than isolation of the boundaries.

pute the homogeneous transformation T ee
base, and the intrinsic

matrix K, while the fixed extrinsic transformation T cam
ee is

constant. In the case of footwear, stitch segments exhibiting
spatial continuity across different views are identified and
merged into consistent, unified lines in the common reference
frame. All the lines in Cartesian coordinates are stored in the
array of Line[] of a new single PhotoData message, and
published to the features cartesian topic.

Task Planning
In this case study, no prioritization is imposed among the
different cutting operations. As a result, the optimization
problem reduces to a TSP, whose objective is to minimize
the overall execution time by reducing the total path length.

Upon receiving data from the features cartesian topic, the
corresponding callback extracts the first and last points (end-
points) of each cutting line. The problem is then formulated
as a complete graph, where each node represents an endpoint.
Edges connecting the two endpoints of the same cutting line
are assigned zero cost, enforcing the execution of the entire
cut, while all other edges are weighted by the Euclidean dis-
tance between the corresponding points. The solution (see Fig.
5) consists of an ordered sequence of cutting line identifiers
(odd values for the first point of the arrays, even values for
the last), which is encoded in a Int32MultiArray message
and published on the sequence topic.

Motion Planning
Once the trajectory and the corresponding sequence are re-
ceived from the trajectory and sequence topics, respectively,
the complete motion is generated starting from the current
pose of the robot. From this initial configuration, a transition

(a) Sequence of the jumper: cut-
ting segments in gray and transi-
tion segments in red.

(b) Sequence of the shoe: the
unique cutting segment in red.

Fig. 5: The optimal sequence of directed segments.

segment is first computed to connect the current robot position
to the starting point of the first cutting line, as identified by
the first element in the received sequence. The trajectory then
proceeds along the selected cutting line, where the end-effector
orientation is derived from the local geometry and filtered
as discussed in Section II-A4. In the case of the jumper,
after completing the cut, the end-effector is retracted from
the garment of a predefined amount (0.05 m in the carried
out test) and moved to the starting point of the next cutting
line specified in the sequence, alternating between operational
segments and transition segments. This process is repeated
until all cutting operations have been executed, after which the
robot is commanded to return to a predefined home position.
The orientation of the end-effector during cutting is set to
always face the centre of the object, forcing the robotic arm
to track the path without colliding with the object.

Execution
Since the garments are not actually cut in these preliminary
tests, the feedback and error-handling node is disabled. The
execution node therefore retains only the functionality required
to execute the received trajectory or target pose, which is
forwarded to the external MoveIt2 node for motion planning
and control. In addition, the node continuously monitors the
robot state to detect the end of the motion. Based on this
information, it generates a Boolean signal to either trigger the
next image acquisition step or terminate the process.

The main operations in the carried out tests are shown in
the video available in [39] for both the jumper and the shoe.

IV. CONCLUSION

The industrial manufacturing sector is expanding, with
increasing levels of automation across individual processes.
However, small and medium-sized enterprises often face sig-
nificant barriers, as current solutions typically rely on ma-
chines customized for specific garment types and operations.
In this work, a reconfigurable robotic solution based on a
ROS2 architecture has been proposed to support multiple
operations on a wide range of apparel items and accessories.
The main contributions of this study lie in the design of a
unified perception–planning–execution pipeline, the capability



to adapt the processing strategy based on the garment type,
and the integration of task sequencing and motion generation
within a single framework. A case study dealing with a
jumper and a shoe demonstrates the versatility of the approach
across both planar and three-dimensional items, highlighting
its potential for heterogeneous and unstructured scenarios.
The achieved results, even if preliminary, suggest that the
proposed system can reduce the need for multiple dedicated
machines, thereby improving flexibility and cost-efficiency in
industrial settings. The main limitation in the current experi-
mental implementation is the lack of real cutting operations,
together with a missing complete feedback loop for online
adaptation. Future work will therefore focus on the integration
of such feedback node, the adoption of a proper safe cutting
tool, the management of motorized support systems, and the
execution of complete closed-loop experiments. Additionally,
parameter handling will be improved to further enhance system
maintainability and scalability, for an easier deployment in real
industrial environments.
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