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Abstract

Enabling robots to grasp disorganized cloth for efficient stor-
age is valuable in robot-assisted room organization. Diverse
deformations of cloth and the stacking of multiple items limit
grasping-pose estimation that relies on annotations. This ne-
cessitates segmenting each cloth item in an unsupervised
manner before estimating the grasping position. However, ex-
isting segmentation methods primarily focus on improving
metrics such as Intersection-over-Union and Pixel Accuracy,
which cannot effectively measure the segmentation errors of
the cloth area and thus lead to failure grasping position es-
timation. To address this challenge, we use False Discovery
Rate (FDR) as a novel measure of segmentation errors and an-
alyze its impact on grasping success. Our preliminary study
reveals a negative correlation between segmentation FDR and
grasping success rate, highlighting the need for more reliable
segmentation in cluttered cloth scenarios. Therefore, we pro-
pose an unsupervised cloth segmentation network based on
feature distance-weighted constraints, designed to reduce the
false discovery rate in cloth area perception without requir-
ing expensive pixel-level manual annotations. Additionally,
to estimate the grasping position on the perceived cloth area,
we introduce a strategy based on cloth surface wrinkle analy-
sis, which operates without the need for annotations or train-
ing. By integrating the proposed segmentation network and
grasping strategy, we develop a robotic system capable of
sequentially grasping cluttered cloth from a table. Extensive
real-world robotic experiments demonstrate the effectiveness
of our approach, outperforming multiple baseline methods in
segmentation FDR and grasping success rate.

1 Introduction
Automated grasping and storage of cluttered cloth is a key
step to achieving robot-assisted room tidying (Shehawy,
Rocco, and Zanchettin 2021; Wu et al. 2023, 2025). Unlike
rigid objects with stable shapes (Rahmatizadeh et al. 2018;
Li et al. 2025), the deformation characteristics of clothing
lead to its morphological diversity and a wider surface (She-
hawy, Rocco, and Zanchettin 2021; Zhu et al. 2022; Blanco-
Mulero et al. 2024; Wu et al. 2025). This limits grasp pose
estimation methods that rely on annotation and training. In
addition, in real-world robotic manipulation, the quantity
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Figure 1: Motivation for Our Approach. Misperception
of cluttered cloth by the current method increases the risk
of robot grasp failures. To quantify this issue, we employ
False Discovery Rate (FDR) as a measure of misperception.
Our preliminary study reveals that a higher FDR correlates
with a decline in Grasping Success Rate (GSR). To address
this challenge, we propose a cloth area segmentation method
that achieves an FDR of 0%, ensuring effective robotic cloth
grasping in cluttered scenes.

and category of cloth are unknown, requiring low-data-cost
and unsupervised methods. Consequently, the cluttered cloth
storage requires the robot to first perceive the area of all cloth
items in the scene based on the unsupervised segmentation,
then estimate the grasping position on the perceived cloth
surface in an unsupervised manner, and finally grasp each
piece of cloth one by one and place them into the basket.

In recent years, image segmentation has been widely stud-
ied in many tasks such as medical image analysis and au-
tonomous driving, and has made significant progress (Wu
et al. 2021; Ceola et al. 2022; Cao et al. 2022; Cai et al.
2024). However, current image segmentation methods still
have limited performance in robotic cloth perception and
grasping tasks. In our preliminary study, we analyzed the
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Figure 2: Overview of the Proposed Robotic Cloth Grasping System. Our system simultaneously acquires the RGB image
and the depth image of the scene. The proposed unsupervised segmentation model predicts multiple cloth areas with a false
discovery rate of 0%. Then, combined with the depth information corresponding to the perceived cloth areas, the grasping
position estimation strategy generates a grasping position sequence. The robot performs action planning based on the obtained
position sequence and completes the task of cluttered cloth storage.

grasping failure cases, as shown in Figure 1. Although exist-
ing methods can achieve significant segmentation accuracy,
there are still areas with incorrect segmentation. For exam-
ple, area F in Figure 1 should be perceived as Cloth-B but is
perceived as Cloth-A. Suppose we attempt to grasp Cloth-
A, but the grasping position estimation strategy outputs a
pose in area F , which leads to grasping failure. This is be-
cause the current methods tend to improve metrics such as
Intersection-over-Union (IoU) or Pixel Accuracy (PA), and
cannot effectively guarantee that there are no segmentation
errors, which brings the risk of grasping failure. To quantify
this issue, we use False Discovery Rate (FDR) to measure
the area of incorrect segmentation. The FDR is an impor-
tant indicator in classification, which is used to measure the
proportion of negative samples among all samples predicted
to be positive samples (Krylov et al. 2016). In image seg-
mentation, FDR measures the proportion of pixels predicted
to be target classes that are actually non-target classes. The
calculation of FDR is as follows:

FDR =
FP

FP + TP
(1)

where FP represents the number of samples that are ac-
tually negative but predicted as positive samples, and TP
represents the number of samples that are actually negative
but correctly predicted as negative samples. We further con-
ducted robotic grasping experiments on a small pile of clut-
tered cloth to investigate this issue. As shown in Figure 1,
even a slight increase in the FDR leads to a decline in the
grasping success rate, while a further rise in FDR can cause
the grasping system to fail. In this paper, we focus on re-
ducing the FDR by proposing an unsupervised cloth seg-
mentation network based on feature distance-weighted con-
straints. Our method ultimately achieves cloth area segmen-
tation with an FDR of 0%, providing a more robust founda-
tion for robotic cloth grasping.

To estimate the grasping position on the perceived cloth
area in an unsupervised manner, we introduce a strategy
based on cloth surface wrinkle analysis. Unlike the grasping
pose estimation of rigid objects (Rahmatizadeh et al. 2018;
Li et al. 2025), grasping cloth presents additional challenges
due to its larger surface and morphological inconsistencies
caused by deformation (Shehawy, Rocco, and Zanchet-

tin 2021; Zhu et al. 2022; Blanco-Mulero et al. 2024; Wu
et al. 2025). We leverage the spatial information provided
by depth images to search for graspable wrinkles with mor-
phological consistency on the cloth surface. Our proposed
grasping position estimation strategy consists of three steps.
First, we construct a unified representation of wrinkle mor-
phology based on a mathematical model. Second, we map
the wrinkle morphology information into a feature sequence
determined by hyperparameters. Finally, we develop an al-
gorithm that traverses the depth image of the target cloth and
matches the easy-to-grasp wrinkles based on feature similar-
ity, thereby realizing the estimation of the grasping position.
Our grasp position estimation method is a general strategy
that does not require training and annotation, and can be
more efficiently applied to real-world robotic systems.

Based on the proposed unsupervised cloth segmentation
network and grasping position estimation strategy, we de-
veloped a robotic cloth grasping system. The overall frame-
work of the system we built is shown in Figure 2. In our real-
world experimental setup, a Baxter robot equipped with this
system successfully grasped pieces of cloth from a table one
by one and placed them into a storage basket, completing the
cluttered cloth storage task without any data annotation cost.
Extensive real-world experiments demonstrate the outstand-
ing performance of our system. We built multiple baselines
based on current advanced image segmentation and cloth
grasping methods for comparative experiments, which fur-
ther confirmed the superiority of our proposed method.

Our contributions can be summarized as follows:

• We propose an unsupervised cloth segmentation network
based on feature distance-weighted constraints. This net-
work can perceive cloth areas in the scene with a 0% false
discovery rate, thus providing a robust basis for effective
grasping.

• We leverage the spatial information provided by depth
images and introduce a grasping position estimation
strategy based on cloth surface wrinkle analysis, which
requires no annotations or training.

• We developed a robotic cloth grasping system for clut-
tered cloth storage. Extensive real-world robot tests and
comparative experiments with baseline methods demon-
strate the superiority of our approach.
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Figure 3: Unsupervised Cloth Segmentation Network. We adopt an encoder-decoder architecture, where the encoder is a Vi-
sion Transformer and the decoder is a Convolutional Neural Network combined with upsampling. We then perform patch-level
feature extraction on the input image and obtain the corresponding initial pseudo-labels based on feature clustering. Consid-
ering the distance between the patch feature and its cluster center in the feature space, we construct a weighted constraint for
different segmentation area confidences. Based on the constructed new optimization strategy, we obtain a robust segmentation
model for cloth area perception with a false discovery rate of 0%.

2 Related Work
2.1 Image Segmentation
As a computer vision technology that can realize area per-
ception, image segmentation has been widely studied and
applied in multiple scenarios, such as healthcare (Cao et al.
2022), autonomous driving (Cai et al. 2024), and robot in-
teraction (Wu et al. 2021; Ceola et al. 2022; Zhu et al.
2023). Recently, some excellent image segmentation re-
search has achieved remarkable results on multiple bench-
marks (Kirillov et al. 2023; Ni et al. 2024; Zhang et al.
2023; Kim et al. 2024). On the other hand, image segmen-
tation that relies on costly pixel-level annotations is detri-
mental to real-world robotics applications. Therefore, unsu-
pervised image segmentation has also been widely studied
(Ji, Henriques, and Vedaldi 2019; Ouali, Hudelot, and Tami
2020; Cho et al. 2021; Bielski and Favaro 2022). However,
the above segmentation methods focus on the segmentation
indicators Intersection-over-Union (IoU) and Pixel Accu-
racy (PA) rather than the risk of segmentation errors. In the
robotic cloth grasping scenario, the False Discovery Rate
(FDR) of cloth area segmentation can lead to grasping fail-
ure cases. Therefore, in this paper, we propose an unsuper-
vised cloth segmentation method without manual annota-
tions that specifically suppresses the false discovery rate in
cloth areas to ensure reliable grasping.

2.2 Robot Cloth Grasping
Robotic cloth grasping has always been a significant re-
search topic because it is an essential part of robotic cloth

manipulation scenarios such as cloth arrangement and as-
sisted dressing (Wang et al. 2023; Zhang and Demiris 2022,
2020). Unlike grasping rigid targets based on pose estima-
tion, the large surface area and deformable characteristics
of cloth pose challenges to grasping (Shehawy, Rocco, and
Zanchettin 2021; Zhu et al. 2022; Blanco-Mulero et al. 2024;
Wu et al. 2025). Some studies relied on model-based labeled
data-driven or human-involved learning of specific grasp-
ing positions to achieve automatic robotic grasping of cloth
(Zhang and Demiris 2020; Fu et al. 2023; Lee et al. 2024;
Tabernik et al. 2024). Other methods target specific cloth
and require that the grasping positions are predefined and
visible, such as the edge of a towel (Qian et al. 2020; Galassi
et al. 2024; Wang et al. 2024; Longhini et al. 2024), the edge
of unfolded cloth (Clark et al. 2023), and the collar of a shirt
(Ramisa et al. 2016; Chen et al. 2023). Some studies also
designed targeted grasping methods based on specific cloth
folding or unfolding tasks (Ha and Song 2022; Wang et al.
2022; Mo et al. 2022; Canberk et al. 2023; Garcia-Camacho
et al. 2024; Islam et al. 2024). (Caporali and Palli 2020)
determined the grasping position of wrinkled cloth surfaces
by setting hyperparameters, which reflects the possibility of
designing an accurate grasping strategy based on depth in-
formation. In this paper, we propose a position estimation
strategy based on cloth surface wrinkle analysis for accuracy
grasping, which does not require annotation and training.

3 Unsupervised Cloth Segmentation Network
In this section, we introduce our proposed unsupervised seg-
mentation network for cloth area perception. Our goal is to
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train a vision model which can separate the scene image into
different categories of areas without any manual pixel-level
annotation. Then we obtain a result containing rich area in-
formation with a false discovery rate of 0% for effective
robotic cloth grasping and cluttered cloth storage.

Network Structure. The overview of the network is
shown in Figure 3. Following previous studies (Hamil-
ton et al. 2022; Seong et al. 2023), our unsupervised seg-
mentation network adopts an encoder-decoder structure. For
the encoder, we use the Small-Version of the Vision Trans-
former (ViT) (Dosovitskiy et al. 2021). For the decoder,
we design a segmenter based on Convolutional Neural Net-
works (CNN) and upsampling to restore the features to
the same resolution as the input RGB image. We define
the encoder and decoder as f(·) and C(·) respectively. At
the same time, we define the input scene RGB image as
In, n ∈ [0, N ], the corresponding features extracted by the
encoder as f(Ipn), p ∈ [0, P ], and the clothing area segmen-
tation result output by the decoder as On, where N repre-
sents the scale of the dataset and P represents the number of
patches in each image.

Pseudo Label Generation. As shown in Figure 3, we first
consider generating a batch of initialized pseudo labels for
the entire dataset, so the entire scene RGB images are used
as input for training. The vision transformer inputs are in the
form of patches. We take the RGB image In as an example
and decompose it into a batch of patches.

In =⇒ {I0n, I1n, I2n, ..., IP−1
n , IPn } (2)

We define Ipn as the pth patch in the RGB image In. Then we
get a set of patch features Fn, which is defined as follows.

Fn = {f(I0n), f(I1n), f(I2n), ..., f(IP−1
n ), f(IPn )} (3)

Since the encoder pre-training parameters come from the re-
sult of self-supervised training on large-scale datasets, they
are valid priors for extracting image features, so the ex-
tracted patch features can be used for pseudo-label initial-
ization (Hamilton et al. 2022; Seong et al. 2023). We pro-
cess the patch feature set based on the clustering strategy to
obtain the initialized pseudo-label. For the clustering strat-
egy, we adopt the K-means clustering algorithm and use co-
sine similarity to calculate the distance in the feature space.
Specifically, we assign the clustering result of each patch
feature to the patch in the form of a pixel value category
label, thereby generating a pixel label with the same resolu-
tion as the patch, and then concatenate the pixel labels corre-
sponding to all patches according to their original positions
to obtain a pseudo label. We define the generated pseudo-
label as Ln. The pseudo-label generation process is defined
as follows.

Ln = Kmeans(Fn), n ∈ [0, N ] (4)

Feature Distance Weighting. To reduce the false discov-
ery rate of the segmented cloth areas to 0%, we construct
a new constraint that enables the model to learn to discard
regions that are prone to segmentation errors and retain re-
gions with high confidence. We represent different regions
of the scene RGB image based on the granularity of the cur-
rent patch division, and then measure the confidence of each

patch for segmentation and downstream tasks. Since the ex-
tracted patch feature set already contains rich and valid pri-
ors, we can obtain a set of cluster centers based on clustering
the feature set. As shown in Figure 3, we define the cluster
center set as Kid, where id represents the category label. In
this case, the distance from the feature corresponding to each
patch to the cluster center in the feature space can be used to
represent its correlation with the category represented by the
cluster center. In other words, this distance reflects the con-
fidence with which the current patch is assigned the current
category label based on clustering. The smaller the feature
distance of the patch, the stronger the correlation of the patch
area, and the more attention should be paid to it during the
model training process. Patches with large feature distance
and weak correlation should be ignored and represented as
background, so as to achieve the false discovery rate of 0%.
Taking image In as an example, the calculation process of
the cluster center distance can be expressed as follows:

D =
√
(f(Ipn)−Kid)2, p ∈ [0, P ], id = 0, 1, 2, ... (5)

where D is defined as the cluster center distance, f(Ipn) rep-
resents the patch feature in image In, and Kid represents the
cluster center corresponding to the patch feature. For a com-
plete input scene RGB image, we first record the distance
value of each patch to obtain a center distance matrix, which
we define as MD. We then take the exponential operation of
the matrix MD and normalize it to scale the values to the
range of (0, 1) to achieve strong correlation with short dis-
tance values. We obtain the new distance weighted matrix
MW through the following process.

MW =
e−MD −

(
e−MD

)
min

(e−MD )max

=

Wa Wb Wc ...
Wd We Wf ...
Wg Wh Wi ...
... ... ... ...


(6)

Loss Function Construction. We define the cross-
entropy loss function as LCE(O,L), where O represents the
segmentation result and L represents the pixel-level label.
Therefore, the loss function we initially constructed is de-
fined as follows:

LCE(On, Ln) = − 1

V

V−1∑
v=0

R−1∑
r=0

yLv,r · log
(
yOv,r

)
(7)

where V is the total number of pixels in the image, yLv,r is
the vth pixel in Ln, and yOv,r is the probability that the vth
pixel in On belongs to class r. The final area weighted loss
function is defined as follows.

Larea−weighted = MW · LCE(On, Ln) (8)
Based on the above process, we finally achieve cloth area

perception results with a false discovery rate of 0%, pro-
viding effective and robust results for subsequent grasping
position estimation.

4 Grasping Position Estimation Strategy
After completing the cloth areas perception based on the
cloth segmentation model, we need to estimate the appro-
priate grasping position for the area corresponding to each
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Figure 4: Grasping Position Estimation Strategy. We first
model the cross-sectional morphology of surface wrinkles
and then construct the sequence features corresponding to
the morphology based on the normal vector similarity. Sub-
sequently, we build a search algorithm to traverse the depth
image to determine the optimal grasping position.

cloth item. Different from the pose estimation of rigid object
grasping, cloth has a large surface and its shape is inconsis-
tent due to deformation. In this work, we consider wrinkles
with appropriate characteristics on the cloth surface as the
graspable positions for cloth of different forms, and search
for wrinkle positions based on the spatial information pro-
vided by depth images. The proposed position estimation
strategy consists of three steps. First, we quantify wrinkles
of different shapes based on mathematical models. Second,
we convert the wrinkle shape information into feature vec-
tors. Third, we construct a search algorithm to traverse the
cloth surface to match appropriate position based on feature
similarity.

Wrinkle Modeling. Given that the wrinkles suitable for
vertical downward grasping have different protrusions, we
use the normal distribution probability density curve to sim-
ulate the cross-section of the wrinkles as shown in Figure 4.
The function curve is represented as follows:

f(p) =
1

σ
√
2π

e−
(p−µ)2

2σ2 (9)

where p denotes the relative pixel position of the cross-
section of the wrinkle corresponding to the image. The value
of µ is independent of the wrinkle morphology, and we set
it to 0 for easy calculation. The value of σ can be used to
approximate the degree of protrusion of the wrinkle.

Feature Mapping. We convert the current curve ex-
pression into a p-value-independent vector to represent
the position-independent wrinkle morphology. As shown
in Figure 4, we first define the set of positions P =

Figure 5: Overview of Our Cloth Dataset. We collected
a batch of cloth-image data and performed pixel-level area
annotation only for performance evaluation and comparative
experiments.

{p1, p2, p3, ..., pN−1, pN}, where N is the number of pixel
positions. Then, we calculate the normal vectors of the
points on the curve corresponding to position p to obtain
the set of normal vectors V = {v1, v2, v3, ..., vN−1, vN}.
We calculate the sum of the cosine similarity of each normal
vector to its left and right adjacent normal vectors, and the
process is expressed as follows:

si =
vi · vi−1

∥vi∥∥vi−1∥
+

vi · vi+1

∥vi∥∥vi+1∥
(10)

We define the result of this calculation as the neighbor-
hood similarity of the normal vector pi. We finally con-
structed the corresponding neighborhood similarity set S =
{s1, s2, s3, ..., sN−1, sN}. We set the vertical sampling step
size of the corresponding pixel position on the curve to D. In
this way, our neighborhood similarity set can be expressed
as a feature sequence determined by parameters σ and D:

F(σ,D) = [s1, s2, s3, ..., sN−1, sN ] (11)

We use this sequence to represent the morphology of the
wrinkles.

Optimal Position Searching. We search for the optimal
wrinkles by traversing a continuous sequence of pixel val-
ues in the depth image. Considering the correspondence be-
tween the actual robot gripper opening width and the image
size, we set the sequence length to 17. We set the traversing
sequence to be horizontal and calculate the cosine similarity
between each sequence searched and the modeled feature
sequence F(σ,D). We traversed the entire cloth dataset and
adjusted the parameter values of σ and D to determine the
case with the highest average similarity. We found that when
σ=0.25 and D=0.1, the average similarity of the wrinkles in
the dataset was the highest. Therefore, we chose to match
the optimal grasping position under this parameters setting.

5 Experiments
5.1 Dataset, Model Training and Evaluation
We first collected a batch of data for the robotic cloth stor-
age scene, totaling 1080 RGB images. All images were ac-
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Figure 6: Real-World Robotic Cluttered Cloth Storage. For the cluttered cloth piled on the table, our framework can accu-
rately perceive the area of each piece of cloth and estimate the corresponding wrinkle position that is easy to grasp. The robot
places each piece of cloth on the table into the storage basket sequentially according to the obtained grasping position sequence,
confirming the real-world effectiveness of our method.

Methods Annotation-Free mFDR ↓ Success Rate ↑
CGRSeg × 4.24% 74%
STEGO ✓ 3.23% 80%

HP ✓ 5.13% 66%

Ours ✓ 0% 94%

Table 1: Experimental results compared to current advanced
image segmentation methods. Our proposed annotation-free
method achieves a significant success rate of 94% with an
mFDR of 0%.

Methods Training-Free Success Rate ↑
Shehawy et al. 2021 × 76%

Chen et al. 2023 × 44%
Ours ✓ 94%

Table 2: Experimental results compared to current grasping
position estimation methods for robotic cloth manipulation.

quired with a Kinect v2 camera. Throughout the experi-
ment, we kept the camera directly above the table to cap-
ture the entire desktop scene. Then, we randomly divided
the training set and validation set of the dataset into 640 and
440 respectively to further evaluate the model. Although our
cloth segmentation method is annotation-free, we still anno-
tated the RGB images at the pixel level to obtain labels for
performance evaluation and comparative experiments. An
overview of our scene dataset is shown in Figure 5, which
includes seven items of cloth (a towel, three tops, and three
shorts), a storage basket, and a table as the background.

We built our model based on the Pytorch framework, us-
ing an RTX 3090 GPU for model training and evaluation.
We use bilinear interpolation to scale the three-channel RGB
image and the nearest neighbor algorithm to scale the single-
channel labeled image. For the training of the decoder, the
initial learning rate is set to 0.01, and for the training of the
vision transformer encoder, the initial learning rate is set
to 0.0001. We set the batch size to 16 and use the Adam
(Kingma and Ba 2015) optimizer. We use mFDR (mean
False Discovery Rate) to measure the mis-segmentation in
image segmentation, and mFDR is defined as follows:

mFDR =
1

C

C∑
c=1

FDR (12)

where C represents the number of segmented targets in the
scene and FDR represents the false discovery rate intro-
duced in section Introduction. We performed a total of 50
epochs to complete the training. We calculated the evalua-
tion results on the collected scene dataset according to the
evaluation metric. Our model has an mFDR of 0%, thereby
avoiding mis-segmentation and providing a robust basis for
effective grasping. Experimental results demonstrate our ro-
bust segmentation for effective grasping and cluttered cloth
storage.

5.2 Real-world Robot Test
We deployed the cloth segmentation model and the grasping
position estimation strategy to a Baxter robot to construct
a cloth grasping system for testing. We kept the overhead
configuration of the Kinect v2 camera to ensure consistency
in the test. We stipulate that the robot would be considered
to have successfully stored cloth when it grasps all items of
cloth on the table in sequence and puts them completely into
the storage basket. The grasping order is the numerical cat-
egory index order generated by clustering. In each test, we
kept all the cloth in the dataset were piled on the table to en-
sure the integrity of the experiment. We randomly adjusted
the position and shape of each cloth item and conducted 50
tests to calculate the storage success rate. Part of the real-
world experimental process is shown in Figure 6. The over-
all storage success rate was as high as 94%, demonstrating
the effectiveness of our robotic cloth grasping system.

5.3 Comparison with Multiple Baselines
To demonstrate the superiority of both our proposed cloth
segmentation method and our grasping position estimation
strategy, we built multiple baselines for comparative experi-
ments. The experimental settings are based on our collected
cloth dataset and the evaluation strategy described in sec-
tion Real-world Robot Test to ensure fair comparison. The
quantitative comparison results are shown in Table 1 and Ta-
ble 2, and the segmentation visualization comparison results
are shown in Figure 7.

We first compared with the state-of-the-art image seg-
mentation methods. The CGRSeg (Ni et al. 2024) is su-
pervised, and the STEGO (Hamilton et al. 2022) and HP
(Seong et al. 2023) are unsupervised. Although these meth-
ods have significant results on mIoU and PA, they ignore
the risk of grasping failure caused by FDR, which lim-
its the performance of cluttered cloth storage. In contrast,
our method has an mFDR of 0%, providing a robust ba-
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Figure 7: Visualization Results of Cluttered Cloth Perception. The unsupervised cloth segmentation method we proposed
ensures that the perceived area is correct as long as it is perceived, which provides a robust foundation for effective grasping.
In contrast, the comparative image segmentation methods exhibit segmentation errors, leading to an increased risk of grasping
failure and ultimately limiting the performance of the cluttered cloth storage task.

sis for grasping, and ultimately improves the success rate of
cluttered cloth storage by +20%, +14%, and +28% com-
pared with CGRSeg, STEGO, and HP, respectively. More-
over, our method is annotation-free, which is conducive to
further research on continuous learning of robots. Based on
the cloth segmentation method we proposed, we also com-
pared two cloth grasping position estimation methods. (She-
hawy, Rocco, and Zanchettin 2021) is based on setting hy-
perparameters to filter out wrinkles that meet the standards
to estimate the grasping position. Based on real-world ex-
perimental observations, we found that this fixed parame-
ter setting method may lead to the inability to search for
the optimal grasping position, resulting in grasping failure.
(Chen et al. 2023) is based on the recognition of collars
for grasping, which is only applicable to situations where
the collar or collar-like structures are visible, thus limiting
performance in the cluttered cloth storage task. Experimen-
tal results show that compared with (Shehawy, Rocco, and
Zanchettin 2021) and (Chen et al. 2023), our grasping posi-
tion estimation strategy achieves a higher success rate on the
cluttered cloth storage task, demonstrating the superiority of
our proposed method. In particular, our grasping position es-
timation method is training-free, which is more efficient for
real-world robotics applications.

6 Conclusion

In this paper, we propose an unsupervised cloth segmenta-
tion network that enables the robot to perceive and grasp
highly cluttered cloth for storage tasks. Considering the false
discoveries of current methods, which can lead to grasping
failure, we utilize the distances from scene image patch fea-
tures to cluster centers to measure area criticality. Then we
construct an optimization strategy based on feature-distance
weighted constraint to train the model to obtain segmen-
tation results with a false discovery rate of 0%. Addition-
ally, we introduce a label-free and learning-free grasp posi-
tion estimation strategy that quantitatively analyzes surface
wrinkles to select the optimal position for precise grasp-
ing. We deployed the proposed unsupervised cloth segmen-
tation model with the grasping position estimation strategy
on a real-world Baxter robot and develop a robotic grasp-
ing system for cluttered cloth storage. Extensive real-world
grasping experiments demonstrate the high-performance of
our robotic cloth grasping system. Comparative experiments
with both segmentation and grasping baselines demonstrate
the superiority of our proposed method. In the future, we
plan to explore more diverse cloth categories and scenarios,
including robotic automatic clothing folding and human-
robot interactive clothing manipulation.
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