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Abstract

Automated garment handling in textile recycling remains challenging due to the
deformability of textiles, their high shape variability, frequent self-occlusion, and
the presence of foreign objects in cluttered heaps. This paper presents a Multi-
Modal robotic sorting system that combines semantic visual perception with tactile
grasp monitoring. The proposed approach integrates Visual Language Model
(VLM) based garment classification, Convolutional Neural Network (CNN) based
grasp prediction using RGB-D images, and capacitive tactile fingertips mounted
on a parallel gripper to detect grasp success, object loss, and approximate weight
during manipulation. The estimated weight serves as a plausibility measure for
the visually predicted garment class and as a coarse indicator of garment size. To
support safe execution, a Digital Twin implemented in MoveIt2 is used for motion
planning and collision avoidance in a synchronized real and virtual environment.
A classification accuracy of up to 87.89% across six classes was achieved in
an experimental robotic sorting scenario including 219 items. Furthermore, the
tactile finger sensor is evaluated under wet conditions and in contact with wet
textiles to assess robustness, showing reliable sensing behavior even in these
challenging scenarios. Overall, the results demonstrate the potential of combining
semantic vision and robust tactile sensing for dependable textile sorting in recycling
applications.

1 Introduction

Robotic manipulation of deformable objects remains one of the central challenges in automation [1, 2].
Among deformable materials, garments are particularly difficult to handle due to their high variability
in shape, frequent self-occlusion, and non-rigid dynamics, especially when presented as unordered
heaps. These challenges are further amplified in textile recycling scenarios, where garments may
be entangled and mixed with foreign objects such as plastic packaging or metallic accessories. At
the same time, upcoming regulations such as the European Union’s Digital Product Passport (DPP)
for textiles aim to improve material traceability by 2027 [3, 4]. However, legacy garments without

∗S.E. and T.M. contributed equally
†H.Z. is also affiliated with the Ubiquitous Sensing Lab, University of Klagenfurt, 9020 Klagenfurt, Austria

The Third Austrian Symposium on AI, Robotics, and Vision (AIROV26).

205



digital metadata will remain present in recycling streams, requiring perception-driven identification
and manipulation.

Recent advances in multi-modal neural networks have introduced VLMs, which enable semantic
queries on visual data by combining vision and language representations [5]. Such models allow
flexible interpretation of garment attributes and categories from images. Prior work demonstrated
the feasibility of integrating VLMs with CNNs for garment classification in robotic sorting scenarios
[6]. Nevertheless, these approaches primarily focus on visual perception and do not sufficiently
address the physical interaction challenges associated with grasping deformable textiles in cluttered
environments.

Reliable manipulation of garments requires robust grasping strategies that account for the compliance
and variability of textile materials. In particular, tactile sensing during grasping plays a crucial role in
detecting slip events, monitoring grasp stability, and preventing object loss. Measuring normal and
shear forces during manipulation enables the robot to adapt its grasp and maintain stable contact with
deformable objects.

In this work, we present a robotic textile manipulation system that combines semantic perception
with tactile grasping feedback. The system integrates VLMs and CNNs for garment classification
while emphasizing robust physical interaction with textiles. The main contribution of this work
is that, during grasping, force measurements from the gripper are used to detect shear forces that
indicate object loss and to estimate the approximate weight of the grasped textile, thereby providing
an additional plausibility check for the visually predicted garment class and enabling coarse inference
of the object size. The system further incorporates a Digital Twin using MoveIt2 for motion planning,
where reconstructed 3D representations of manipulated textiles are integrated into the planning
environment. Particular emphasis is placed on the robustness of the tactile sensing frontend, which is
designed to maintain reliable operation even when interacting with challenging materials such as wet
textiles.

2 Related Work

Recent advances in robot grasping and classification of textiles show, that general VLMs models
perform better on untrained objects like textiles, than specialized CNN networks. An example of a
CNN is given by [7] and an example of a VLM is [8]. Multimodal Large Language Model (MLLM)
models, like [9] by Alibaba Cloud are computation-heavy, with bigger versions requiring VRAM
greater than 100GiB but also support better visual reasoning capabilities.

In robotics, once an object has been classified, suitable grasping positions need to be determined.
Several approaches integrate grasp detection with additional perception tasks [10, 11]. In contrast,
the previously discussed VLMs do not inherently provide segmentation or grasp position detection
capabilities. Accurate grasp detection is particularly important for objects with complex geometries
or deformable materials, such as clothing. In such scenarios, task-specific models like CNNs often
achieve superior performance due to their specialized training for grasp prediction. Nevertheless,
recent work has explored the use of VLMs that incorporate semantic input to guide grasp planning.
For instance, models can interpret commands such as “the tip of the sock” and return corresponding
grasp positions [12, 13]. VLMs also differ in that they are either focused on performance, or on
usability on edge devices.

After identifying grasp positions, the next step is to grasp an object. During grasping it is important to
be able to detect successful grasps by measuring, e.g., normal and shear forces applied on a grasped
object [14, 15].

Our method combines VLMs with a CNN-based perception pipeline for semantic classification in a
robotic textile-sorting scenario involving densely piled garments. In addition to visual recognition, the
system emphasizes robust grasping of deformable objects. Force measurements from the gripper are
used to monitor shear forces during manipulation, enabling detection of object loss during grasping.
The measured forces also allow for weight estimation of the textile, which serves as a plausibility
check for the predicted class and provides a rough indication of the object size. Furthermore, the
gripper’s sensor frontend is designed to be robust against direct contact with challenging materials
such as wet textiles, ensuring reliable sensing performance.
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3 Experimental Setup

The experimental setup and its corresponding Digital Twin (RViz) is illustrated in Figure 1 below. In

Figure 1: An overview of the experimental setup (left) and the corresponding Digital Twin in RViz
(right).

this scenario, a UR7e robot is tasked with picking up unsorted, cluttered but clean garments from a
basket (zone A in Figure 1) and to place them on a separate table for garment class inspection (zone B
in Figure 1). Afterwards, the garment is picked up and distributed for further processing (outside the
scope of this paper). Grasp locations for both zones are determined by using an adapted version of the
grasp prediction algorithm developed by Ainetter et al. [10] and extensively tested in [6, 11, 16]. Two
Intel Realsense depth cameras from the D400 model family (Cam 1 and Cam 2 in Figure 1) provide
the necessary depth and color images. The RGB stream of Cam 2 also provides the frames needed for
garment type classification. The robot is equipped with a Robotiq 2F-140 gripper. The fingertips are
replaced with CapTac [14] capacitive tactile sensors (a detailed view is shown in Figure 3a). These
fingertips are used for two purposes: Determining if a garment was grasped from the basket (zone
A) or dropped during manipulation and to measure its weight after garment type classification to
provide further information on the garment. The detection threshold of CapTac is stated to be 20 g
[13] corresponding to a weight force of 0.4N for a two-fingered gripper. The necessary computing
power for running the grasp prediction algorithm, robot control script as well as the Digital Twin is
provided by a home grade PC equipped with an 11th Gen Intel® Core™ i7-11700KF @ 3.60GHz ×
16 CPU with 64 GB of DDR4 RAM paired with a Graphics Processing Unit (GPU) Nvidia GeForce
RTX 3060 with 12GiB VRAM. The VLMs are run on an external Nvidia H200X-141C cloud GPU
with 144GiB VRAM.

The communication between all hardware modules is handled by ROS 2 Jazzy. A schematic overview
showing the connection between all hardware and software components is shown in Figure 2. The
real and simulated environment share the same coordinate frames allowing motion planning and static
obstacle avoidance to be conducted on the Digital Twin via MoveIt2 before executing movements on
the real robot. Furthermore, a combined RGB/depth stream of Cam 1 is projected into the Digital
Twin as a pointcloud, allowing remote observation. A segmented RGB/depth image of a garment in
zone B can be projected as well, if needed.

The CapTac sensors are connected to the ROS 2 system via the Arrowhead Eclipse framework [17],
as capacitive sensors, which provide normal and shear forces measured on multiple channels to the
system. On the ROS 2 side, an Arrowhead Consumer is running, which takes the measured forces
and publishes them into the ROS 2 system. The Arrowhead system is used for safe and secure
transmission of sensor data.
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Figure 2: Schematic of the proposed framework, consisting of a UR7e robot equipped with a Robotiq
2F-140 gripper - and CapTac [14] fingertips - a desktop PC equipped with a Nvidia RTX 3060 budget
consumer graphics card, one Nvidia H200X professional graphics card and two Intel Realsense
cameras for grasp detection and object classification.

(a) Closed gripper, the gap in between the two
gripper fingers is used to avoid touch between
the sensors, when no object is grasped, so as to
better detect an empty grasp. The distance can
be manually adapted with the screws on top.

(b) Garment manipulation process, showcased
on a sock 1-3, a shirt 4-6 and a trouser 7-9. The
first image displays a textile being grasped from
the box, the second image displays the textile in
the air and the third image displays the textile
being placed on the inspection table.

Figure 3: Detailed view of the gripper (a); Garment manipulation process (b)

4 Experimental Procedure

Upon starting the experimental procedure, a set of random clean garments is thrown randomly in a
transparent basket alongside random foreign objects, such as bottles, cans and 3D printed objects from
the EGAD training set [18]. The basket does not need to be perfectly aligned for every experimental
run. A bounding box is automatically set around the edges of the basket to avoid grasping objects
that are outside the basket.

After initial manual setup, the robot control script is started, which operates the robot as a finite-state
machine (FSM). Figure 4 shows the flowchart for the states and transition conditions. In the Init state,
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the robot is moved to a pose outside the field-of-view of both cameras and the CapTac sensors are
initialized by recording baseline measurements. Next, the control script moves to Find Garment,
calling the grasp prediction algorithm with a RGB and depth frame of Cam 1. If a potential grasp
candidate is found within 5 tries, the program will switch to Pick up Garment and uses MoveIt2
within the Digital Twin to plan and validate a trajectory, otherwise the program will shut down. After
the grasp pose is reached and the gripper closes, CapTac sensor readings are examined to check for
an object between the fingers. In case of success, the sensor readings are monitored until the robot
reaches zone B for garment classification. While an object is being lifted, a slight shaking motion is
applied to the final three joints of the robot to shake off potential by-catch and avoid a drop in an
undesired area. The garment is then pulled over the edge of the inspection table to enforce spreading
out as good as possible. In case of an unsuccessful grasp or object loss, the robot moves outside
the field-of-view of Cam 1 and the program switches to Find Garment. Impressions of the garment
handling procedure are shown in Figure 3 for exemplary objects of classes: sock, shirt and trousers.

Once the robot has dropped off the item and moved out of the field-of-view of Cam 2, the program
switches to Inspection. The VLM running on the external GPU receives a RGB image from Cam
2 and returns the predicted object class; the options being: trousers, shirt, underwear, sock, other
(foreign object, or garment outside the aforementioned classes) and empty. We run two models
from the Qwen3 family by Alibaba Cloud, which delivered promising results in a recently published
benchmark [19], utilizing the locally run Python API of Ollama [20]. A minimal Python code
snippet showcasing the usage of Ollama with Python3 is shown in listing 1. After classification, the
grasp prediction algorithm is called with a RGB and depth image from Cam 2. The object is then
lifted and an estimate of the weight is calculated using the CapTac sensors. In the event of multiple
objects being grasped from the box, the VLM-powered classification is run again to ensure an empty
inspection table. The combined information is then stored and the object is then placed aside for
further processing. This information can be used to provide additional information on the object and
conducting sanity checks. Some examples are: If an object of class shirt or trousers has a very low
weight, it may be infant clothing. If an object of class sock is measured to have a rather high weight,
the object class may have been predicted incorrectly, and the garment could be put aside for further
manual inspection. The aforementioned garment segmentation scheme, using the same procedure
as described in [19] could be used to create further training data for VLM based characterization of
garments. Finally, the program will switch to Reset and prepare for picking up the next object from
the basket.

Listing 1: Minimal Python code example for running a Vision Language Model with Ollama

import ollama

response = ollama.chat(
model=’model -name’,
messages =[{"role": "system",

"content": "You are an expert garment classification
device."},

{’role’: ’user’, ’content ’: ’"Do you spot a clothing item on
the table? "

"If yes: Classify them in the classes: "
"shirt , sock , underwear or trousers. "
"Do you see something else instead? respond with other. "
"Is the table empty? respond with empty. "
"Your response is a single word - either "
"shirt , sock , underwear , trousers , other or empty"’, ’images ’:

[fullPathToImages]
}]

)

In parallel, the robustness of CapTac against wet garments was investigated in manual experiments.
Sensor readings were recorded for dry and wet garments and empty measurements with dry and
manually wet sensor pads.
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Figure 4: Flowchart of the textile grasping process.

5 Results

5.1 Multi-Modal sensing experiment

During the automated garment sorting scenario, a total of 219 items (garments and foreign objects)
were grasped from the basket, classified on the inspection table and their weight estimated by
CapTac. Ground truth data for these experiments were manually collected by human classification
and manual weighing using a kitchen grade precision scale. To address robustness of the VLMs,
images from objects on the inspection table were uncropped, and some distracting items were placed
in the scenery. Two exemplary samples are shown in Figure 5. At two random instances during the
experiments, objects were manually removed from the inspection table to check for robustness against
hallucinations. Furthermore, two more empty samples were taken after the experiment was conducted.
To avoid a misclassification, when two or more garments are present on the inspection table, the grasp
prediction algorithm provides the location of the garment on the image. The combination of CapTac
with a well established grasp prediction algorithm ensured that no unintentional empty scenes were
recorded. The number of samples per object class is shown in Table 1 alongside the accuracy of both
investigated models. The confusion matrices for both VLMs are shown in Figure 6. Furthermore,
the computation time for each model was recorded and stored alongside the model predictions. The
average processing times t alongside the 10th percentile P10 and 90th percentile P90 are shown in
the bottom half of Table 1.

A prediction was considered correct if the model’s response exactly matched the requested class
(ignoring lower/uppercase lettering). Returning a different, but semantically correct class name was
considered as wrong. Also, if the response also contained more words than requested, the response
was treated as incorrect. While the larger Qwen model provides an accuracy of >97% for shirts and
full accuracy for socks, it lacks in detecting trousers and empty scenes, where it would typically
return one of the distracting items nearby. As garments cannot be perfectly presented on a table using
only a single robotic arm in reasonable time, the overall accuracy could be improved with adding
multi-robot grasping.

Estimating the weight of the garments using CapTac faced a few difficulties. Garments with a very
low weight (e.g. socks) do not surpass the reliable detection limit for shear force (0.2N corresponding
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(a) Class: "Shirt", Weight:264 g; " qwen3-vl:235b:
"Shirt", qwen3-vl:8b: "Shirt", Estimated Weight:
225 g;

(b) Class: "Trousers", Weight: 257 g; qwen3-vl:235b:
"Trousers", qwen3-vl:8b: "Trousers", Estimated
Weight: 240 g;

Figure 5: Two representative images of garments from zone B. To assess robustness in cluttered
environments, several smaller garments were scattered on the ground and additional distracting
objects were introduced. Each model’s output is shown together with the corresponding ground truth.

Table 1: Performance Benchmark for both investigated Qwen3 models and computation time metrics
on a Nvidia H200 in s: average t, 10th percentile P10 and 90th percentile P90

Overall Shirt Sock Trousers Underwear Other Empty

Image Count 223 38 64 43 12 65 4

Models Accuracy
qwen3-vl:235b 87.89% 97.37% 100.00% 60.47% 83.33% 93.85% 25.00%
qwen3-vl:8b 83.86% 86.84% 93.75% 55.81% 66.67% 95.38% 50.00%

qwen3-vl:8b qwen3-vl:235b

t 1.595 2.444
P10 0.993 1.739
P90 2.550 3.072

to 20 g per finger - yielding a minimal garment weight of 40 g, assuming equal distribution of shear
force), and therefore only the normal force information can be used to detect an object between
the fingers. Larger garments, such as adult trousers or jackets, tend to entangle above the sensor
pads, and thus produce less shear force. In any case, the weight of the garment will always be
underestimated. CapTac require a manual one-time calibration using a tray with known weight that
has full contact with both sensor pads and additional precision weights to determine a baseline. An
exemplary calibration curve is shown in [14].

Thus, the authors rather propose a qualitative assessment of the shear force in weight classes, as listed
in Table 2. Combining garment type and weight class allows to easier differentiate between adult and
infant clothing. Garment classes with generally lower weight will then trigger an additional manual
sanity check to verify if the VLM prediction is accurate.

5.2 Robustness Against Liquid Contamination

In an additional set of experiments, the robustness of CapTac against liquid contamination on the
sensor pads and wet garments was investigated. The silicone structure of CapTac (Ecoflex) is, by

Table 2: Qualitative assessment of garments using weight classes.

Weight Shirt Sock Trousers Underwear Other

low(< 45 g) toddler/inf. single/pair toddler/inf. ok ok

mid (45 g <150 g) inf pair inf ok ok

high (150 g <400 g) adult s/c adult heavy underwear ok

heavy (≥ 400 g) s/c s/c adult s/c ok
Notes: inf.: infants, s/c: sanity check recommended
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(a) qwen3-vl_8b (b) qwen3-vl_235b

Figure 6: Confusion matrices for Qwen3 models: 8b parameters (left) and 235b parameters (right)

nature, highly hydrophobic, however potential effects on the capacitive sensing needed to be verified.
During multiple measuring cycles, the sensor readings were recorded while the sensor pad was in a
dry and wet state (by manually wetting the pad with a paper towel). No significant change in noise or
drift was recorded during these experiments.

In its current state, the sensor (with its electronics) is not waterproof, and liquid contamination can
only be mitigated on the sensor pads and the front face of the sensors.

6 Discussion, Conclusion and Outlook

This paper presented a Multi-Modal robotic sorting system that combines VLM based garment
classification with a CNN based grasp prediction using RGB-D images, and capacitive tactile
fingertips mounted on a parallel gripper to detect grasp success, object loss, and approximate weight
during manipulation. The estimated weight serves as a plausibility measure for the visually predicted
garment class and as a coarse indicator of garment size. A Digital Twin implemented in RViz uses
MoveIt2 for motion planning and collision avoidance in a synchronized real and virtual environment.

A classification accuracy of up to 87.89% across six classes was achieved in an experimental robotic
sorting scenario including 219 items. Garment manipulation is handled by a single robotic arm, which
does not allow optimal garment placement on the inspection table (zone B), practically reducing the
accuracy for garment classes of larger sizes. Socks, due to their smaller size and distinctive shape,
gave the highest accuracies. Furthermore, the tactile finger sensor is evaluated under wet conditions
and in contact with wet textiles to assess robustness, showing reliable sensing behavior even in these
challenging scenarios. Overall, the results demonstrate the potential of combining semantic vision
and robust tactile sensing for dependable textile sorting in recycling applications.

The present state of the proposed experimental setup offers multiple options for future improvement.
Adding a second manipulator for simultaneous two-arm manipulation to spread out garments can
improve the classification accuracy and opens the door for visual fault inspection. A weighted
combination with other VLMs might increase the accuracy as well and serve as a second source for
classification estimates. The current state of the weight measurement can be improved by optimizing
the gripper shape, to avoid tangling of garments.
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