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Abstract—Although visual servoing control is widely used
in practical applications, its application to deformable object
manipulation (DOM) remains underexplored. This is due to the
significant diversity of material properties and geometric config-
urations, the high uncertainties of deformation characteristics,
and the high-dimensional configuration spaces. To this end, a
new data-driven visual servoing control method is proposed for
three-dimensional DOM. Specifically, a self-supervised keypoint
detection network is developed without manual annotation while
preserving spatial geometric information, addressing limitations
of traditional dimensionality reduction methods. The network
employs weighted feature aggregation modules to effectively
balance the fusion of diverse local information while preserv-
ing features essential for keypoint localization. Furthermore, a
geodesic distance loss function ensures the semantic consistency
of detected keypoints across deformation processes. Based on the
detected keypoints, an adaptive fuzzy-based Jacobian estimator
is developed to establish the online mapping relationship be-
tween keypoint velocities and robot joint velocities. To optimize
transient performance, a prescribed performance control method
is designed to ensure that keypoint errors converge within
predefined spatial funnel functions. Additionally, a pneumatic soft
gripper based on a rigid origami-inspired mechanism is designed
to prevent damage to deformable objects and provide compliant
interaction. Finally, detailed stability analysis and a series of
experimental results are provided to verify the feasibility of the
proposed method.
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I. INTRODUCTION

V ISUAL servoing technology plays a crucial role in
achieving precise object manipulation. Compared with

traditional rigid object manipulation, deformable object manip-
ulation (DOM) presents significant research value in fields, in-
cluding advanced manufacturing [1], medical robotics [2], ser-
vice robotics [3], and agricultural systems [4]. However, DOM
remains challenging due to the infinite-dimensional configura-
tion space, irregular deformation characteristics, and complex
dynamics of such objects. Although recent research attempts
to address these challenges, real-time three-dimensional (3-
D) shape control in complex environments remains an open
problem.

A. Related Work
In practical applications, DOM typically requires close

interaction with the environment. Meanwhile, compared with
non-deformable objects, deformable objects are relatively soft
and fragile. Hence, DOM necessitates integrating both hard-
ware design and theoretical methods.

From a hardware perspective, rigid grippers are widely
employed in DOM tasks, but can easily damage deformable
objects during shape control and create safety risks for
compliant interaction. Furthermore, although traditional soft
grippers exhibit excellent adaptability and flexibility, their load
capacity is limited due to the lack of rigid components and
internal support. When manipulating deformable objects, the
insufficient stiffness leads to relative displacement between the
objects and the grippers, degrading the performance of visual
servoing. Once grippers are positioned obliquely, severe bend-
ing deformation can cause the grasped objects to fall off. Li et
al. develop a new pneumatic soft gripper (PSG) that controls
actuator bending through particle injection into air chambers,
enhancing PSG’s stiffness [5]. Qiu et al. propose a novel 3-D
deformable PSG with mutually perpendicular pneumatic soft
actuators (PSAs) that enables secure grasping of objects [6].
However, grasping tests on fragile and deformable objects are
not conducted in the aforementioned work.

From a methodological perspective, DOM methods have
evolved significantly over the past three decades, including
model-based methods [7], [8], data-driven methods [9], [10],
and learning-based methods [11], [12]. Early studies mainly
aim to develop accurate models of deformable objects for
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predicting their deformation. Wada et al. [13] propose a mass-
spring model to simulate the deformation of soft objects.
However, this method is restricted to small deformations and
planar motion, lacking experimental validation. In [14], a
forming control method is developed for rheological food
dough. Despite its effectiveness in specific scenarios, this
method is highly dependent on model accuracy and has limited
generalization ability for different materials or shapes. To ad-
dress these issues, a dynamic Broyden method is presented to
establish the real-time mapping relationship between keypoint
motion and robot joint motion [15].

Later, more data-driven visual servoing control methods
are designed to manipulate deformable objects, which aim
to learn control strategies directly from data. First, the state
of deformable objects is transformed into low-dimensional
features through methods such as the Fourier series [10] and
principal component analysis (PCA) [16]. Subsequently, the
Jacobian matrix relating control signals to feature variations
is estimated using Kalman filtering [17] or adaptive learn-
ing [4]. In [10], a truncated Fourier series-based feedback
representation is developed to describe object shapes with
fewer coefficients accurately. Dahroug et al. develop a PCA-
based visual servoing method to extract 3-D pose information
from OCT C-scan data, achieving the positioning accuracy
of 0.052 ± 0.03 mm [16]. However, traditional PCA and
autoencoder methods obtain feature vectors in abstract latent
spaces when reducing feature dimensions, lacking physical and
spatial information. Based on this, several feasible methods are
proposed to preserve the spatial and geometric information of
objects. Alambeigi et al. propose an optimal iterative method
that incorporates visual feedback data to simultaneously learn
and estimate the deformation behavior of objects [9].

In recent years, several studies have integrated deep learning
networks into data-driven visual servoing control methods.
Deep learning networks [18] effectively achieve feature di-
mensionality reduction for 2-D images and 3-D point clouds
of objects by detecting feature points. These feature point
sets effectively represent latent spaces that encode key spa-
tial information. To accurately detect keypoints from point
clouds, Xu et al. develop a novel geodesic distance regression-
based semantic keypoint detection method for pig point
clouds [19]. Jin et al. propose KeypointDETR, an end-to-
end transformer-based method for 3-D keypoint detection that
directly predicts keypoint heatmaps and probabilities using
bipartite matching loss [20]. However, the above methods
belong to supervised/semi-supervised learning methods requir-
ing manual annotation of feature points in datasets, which is
extremely complex and time-consuming for 3-D deformable
objects. Based on this, Hou et al. present an unsupervised Key-
Grid network to detect the keypoints from deformable objects
[21]. Zohaib and Del Bue propose a self-supervised SC3K
network that estimates semantically coherent 3-D keypoints
from rotated, noisy, and decimated point cloud data [22]. Then,
Zohaib et al. present a Self-Geo network to estimate consistent
3-D keypoints on deformable shapes by enforcing geodesic
distance preservation across deformation sequences [23].

However, data-driven visual servoing control methods for
DOM have the following limitations that need to be addressed.

1) Traditional feature dimensionality reduction methods
obtain feature vectors in abstract latent spaces, lack-
ing physical and spatial information. Although deep

learning-based keypoint detection methods can extract
keypoints with crucial spatial information, current meth-
ods have the following limitations. First, supervised and
semi-supervised learning methods rely on prior knowl-
edge of keypoints in deformable objects. Second, few
works consider the semantic consistency of keypoints
during object deformation, focusing only on keypoint
detection for the desired shape of deformable objects.

2) Data-driven visual servoing control methods suffer from
learning uncertainty and initial parameter dependency
[24], [25], [26], which cannot ensure that keypoints
converge within predefined spatial constraints. Excessive
spatial errors of keypoints degrade transient performance
and may damage deformable objects or cause task fail-
ure. Recently, several barrier function-based visual ser-
voing control methods constrain image features within
the field of view [27], [28]. However, how to design
spatial constraints for keypoints while ensuring closed-
loop stability remains an open problem.

B. Our Contributions

To address the above-mentioned challenges, this paper pro-
poses a deep learning-based visual servoing control method
for DOM. Specifically, a new self-supervised network is
constructed to detect keypoints of deformable objects. Then, an
adaptive fuzzy-based Jacobian estimator is developed to obtain
the real-time mapping relationship between keypoint motion
and robot joint motion. To ensure that keypoints do not exceed
spatial constraints, a prescribed performance control (PPC)
method is proposed to guarantee that keypoint errors converge
within the predefined funnel functions. Furthermore, a new
PSG is developed to provide safe and compliant interaction
while preventing damage to deformable objects during shape
control. The core contributions are summarized as follows.

1) A new self-supervised network is constructed to detect
keypoints from point clouds of deformable objects.
Compared with [19], [20], [29], the proposed network
requires no prior information about deformed shapes or
manual annotations, while the detected keypoints effec-
tively capture latent spaces with key spatial information.
In the encoder, a Weighted Feature Aggregation (WFA)
module is introduced to enhance the feature extraction
layer of traditional PointNet++ [21], [23], [30]. The
improved network effectively balances the fusion of
useful information within local regions while preserving
point cloud features. Compared with [30], this paper
proposes a geodesic distance loss function to ensure
the semantic consistency of keypoints during object de-
formation. This loss function ensures geodesic distance
consistency between keypoints across all frames.

2) An adaptive fuzzy Jacobian estimator combined with
PPC is proposed to estimate the deformed Jacobian
matrix online and ensure that keypoint errors converge
within predefined spatial funnel functions.

3) The proposed PSGs employ a two-layer structure, con-
sisting of a pneumatic drive layer (PDL) and a stiff-
ness layer (SL). The SL integrates a rigid origami-
inspired mechanism (ROM) with particles encapsulated
in balloons. Compared with [31], this design ensures
firm grasping while maintaining flexible grasping and
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Fig. 1. Visual servoing system of the 3-D DOM.

compliant interaction. Unlike [5], the proposed PSGs
eliminate particle blockage in the air supply and achieve
uniform load distribution across the SL.

4) This paper conducts detailed experiments on different
deformable objects and application scenarios to verify
the effectiveness of the proposed method and the struc-
ture design of PSGs. Meanwhile, the practicality and
superiority of the proposed method are further verified
through a series of ablation experiments.

The remainder of this paper contains five sections. The con-
trol objective of DOM is introduced in Section II. Afterwards,
the design process of a new PSG is presented in Section III.
Then, the keypoint detection, Jacobian estimator, and PPC
are proposed in Section IV. Meanwhile, the corresponding
stability analysis is provided based on Lyapunov theory in
Section IV. In Section V, a series of experimental results is
displayed. Finally, Section VI concludes this paper.

II. PROBLEM STATEMENT

The notations used throughout this paper are defined as
follows: ℜ denotes the set of real numbers. ℜn represents
n-dimensional vectors. ℜm×n denotes m× n matrix1. ∥x∥ is
the Euclidean norm of x. Then, for x,y ∈ ℜn, x⊙ y stands

for the Hadamard product and x · y =
n∑

i=1

xiyi denotes the

dot product. ⊕ represents element-wise concatenation for two
or more vectors, matrices, or tensors.

This paper focuses on the 3-D deformable object manipula-
tion problem using a 6-DoF robotic arm equipped with PSGs.
The proposed visual servoing control method in latent space
precisely manipulates deformable objects (sponges, ropes, and
scarves) into desired shapes, as shown in Fig. 1. The shape
control objective is formulated as follows.

A deformable object can be represented by 3-D point
clouds Sorigin ∈ ℜ3N where N is a sufficiently large pos-
itive integer. Using keypoint detection techniques, keypoints
S = [S1,S2, · · · ,Su, · · · ,Sa]

⊤ ∈ ℜ3a are detected from
high-dimensional space Sorigin where a stands for the number
of keypoints ensuring a ≪ N and Su = [xu, yu, zu]

⊤ ∈ ℜ3

denotes the coordinates of the u-th keypoint. Hence, the
control objective is to control the joint angular velocities of
the robotic arm2 q̇ ∈ ℜ6 making tracking errors of keypoints
eS = S − Sd ∈ ℜ3a converge to a neighborhood of origin
under the time-varying constraints ρ ∈ ℜ3a, where Sd ∈ ℜ3a

denotes the desired keypoints.

1In this paper, regular letters denote scalars/matrices (e.g., x and Y ∈
ℜm×n) while bold letters stand for vectors (e.g., a ∈ ℜm).

2For convenience of the subsequent expressions, any information related to
the state or time is omitted unless it is necessary to present.

Fig. 2. Design of the PSG.

To clarify our problem, this paper makes the following
assumption.

Assumption 1: The manipulation motion of the robotic
arm is sufficiently slow, so that only the quasi-static elastic
deformation of the object needs to be considered [32].

Note that the quasi-static assumption can be used in many
practical applications, such as the shape control of soft hoses,
branches [4], fabric [33], plant and animal tissues/organs [34],
deformable linear objects, sponges [30], and assembly of
flexible parts [35].

III. PROPOSED GRIPPER DESIGN

The proposed PSGs are designed to meet the following
practical requirements.

1) Grasping flexibility: The proposed PSGs must not dam-
age deformable objects during shape control.

2) Grasping stability: The designed PSGs provide firm
grasping without relative displacement.

A. Structural Design of PSGs

A new type of PSGs is proposed, as depicted in Fig. 2. The
gripper is composed of a base and four PSAs. Specifically,
the base can be rigidly connected to the robotic arm, and the
position of each PSA can be adjusted according to the practical
scenarios. The proposed PSAs are divided into PDL and SL.
The length, width, and height of the PSAs are 110 mm, 24
mm, and 25 mm, respectively. The heights of PDL and SL are
15 mm and 10 mm, respectively.

Inspired by human fingers, Dragon Skin 30 silicone is used
as the outer layer of the PSA. The corrugated structure in the
PDL enables the PSG to bend, and the ends of the PDL can
be connected to external air circuits. By inflating the internal
chambers of the PDL, a pressure difference is created between
the PDL and the SL, causing the PSA to bend inward along
the direction of the SL.

To address the insufficient stiffness of traditional PSAs, the
SL is designed to provide rigid support. Specifically, the SL
integrates a ROM [36] and particles encapsulated in balloons.
The ROM is used to bear most of the loads and provide struc-
tural stiffness. To prevent excessive local deformation of the
SL due to stress concentration, the particles are encapsulated
in balloons and placed in partition intervals of the ROM. This
design effectively avoids particle accumulation and blockage.
During grasping operations, as the internal pressure of the PDL
increases, the PSA bends to contact the object. At this time,
the particles encapsulated in balloons can adapt to the surface
shape of the object, while the ROM provides rigid support to
achieve stable and reliable grasping.
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Fig. 3. Fabrication processes of the PSG. (a) Mold assembly of the PDL.
(b) Pour liquid silicone rubber into the mold. (c) After curing, the preformed
PDL is removed from the mold. (d) Pour liquid silicone rubber into the mold.
(e) The preformed PDL is placed on the mold. (f) After curing, the PDL is
removed from the mold. (g) Mold assembly of the SL. (h) Pour liquid silicone
rubber into the mold. (i) After curing, the preformed SL is removed from the
mold. (j) SL component assembly. (k) PDL and SL bonding.

B. Fabrication of PSAs
Fig. 3 (a)–(k) shows the complete fabrication processes of

the PSA, including several key stages: pouring, demolding,
sealing, assembly, and bonding.

Stage 1: Pouring and demolding. During the PSA mold
assembly process, the upper mold is first inserted into the
lower mold and fixed with bolts, as shown in Fig. 3(a) and
(g). Due to the complex structure of the PSA, a release agent
(Ease Release™ 200, Smooth-On Inc.) is uniformly applied
to the mold surface before pouring to reduce demolding
resistance and prevent structural damage during demolding.
Subsequently, the pre-mixed liquid silicone rubber (Dragon
Skin 30, Smooth-On Inc.) is slowly injected into the mold
cavity to avoid turbulence and air trapping, as depicted in Fig.
3(b) and (h). Then, the mold is placed in a vacuum box and
evacuated to an absolute pressure of 10 kPa (90% relative
vacuum) for 3–5 minutes to completely remove air bubbles
from the material. The curing process lasts for 18 hours at
room temperature to ensure that the silicone rubber is fully
cured. After curing, the preformed PDL and SL components
are obtained through stretching and demolding processes, as
shown in Fig. 3(c) and (i). At this stage, the PDL has hollow
chambers, but the bottom remains unsealed.

Stage 2: PDL sealing. To achieve sealing of the PDL,
a specific sealing mold is designed, as shown in Fig. 3(d).
Liquid silicone rubber is injected into the sealed mold using
the same pouring process, followed by vacuum degassing (10
kPa absolute pressure, 3–5 minutes). The preformed PDL is
then placed on the upper surface of the mold, as depicted in
Fig. 3(e). After the silicone rubber has fully cured, the sealed
PDL component is obtained through stretching and demolding
processes, as shown in Fig. 3(f).

Stage 3: SL component assembly. In this stage, rigid ROM
and end fixing components are designed. Particles are filled
into balloons, which are then uniformly distributed in the
preset gaps of the ROM to ensure uniform load distribution
across all sections of the SL. Finally, these components are
assembled with the preformed SL to obtain the formed SL, as
depicted in Fig. 3(j).

Fig. 4. Block diagram of the proposed control method.

Stage 4: Final Bonding. A bonding process is used to
assemble the PDL and SL to form the complete PSA, as
shown in Fig. 3(k). The entire fabrication process ensures the
structural integrity and functional reliability of the PSA.

IV. METHODOLOGY

In this section, a keypoint detection method based on
deep learning is proposed. Then, an adaptive fuzzy system
is deployed to estimate the Jacobian matrix. Afterwards, PPC
is introduced to ensure keypoints are within the spatial con-
straints, and the corresponding stability analysis is provided.
The overall block diagram is depicted in Fig. 4.

A. Self-supervised Keypoint Detection
Without the complex and time-consuming human anno-

tations, a self-supervised network is proposed to detect a
desired number of keypoints from deformable objects, which
is depicted in Fig. 5. Overall, a sequence of point clouds is fed
into the proposed network, which contains two parts: encoder
and decoder, as shown in Fig. 6. The encoder is composed
of enhanced PointNet++ layers, with a Softmax activation
function applied in the final layer. The encoder produces K
probability values for each point, indicating its probability to
be one of the K keypoints. The keypoint positions for each
point cloud are computed and utilized to form grid heatmaps.
In the decoder, the WFA modules, grid heatmaps, and multi-
layer perceptron (MLP) are utilized to reconstruct the input
point clouds.

Given an input point cloud X = [x1,x2, · · · ,xN ]⊤ ∈
ℜN×3 where xi ∈ ℜ3, i ∈ N , a weight matrix W ∈ ℜK×N is
produced by the encoder. By the matrix multiplication of W
and X , the predicted K keypoints κ = [κ1,κ2, · · · ,κK ]⊤ ∈
ℜK×3 are derived as follows:{

κ =WX,

W = Softmax(φen),
(1)

where φen ∈ ℜK×N represents the final output of the
enhanced PointNet++, obtained through a hierarchical feature
propagation module [37] that includes interpolation opera-
tions and unit PointNet layers. The input to the hierarchical
feature propagation module is ψ

(H)
en ∈ ℜNH×FH , where

ψ
(i)
en ∈ ℜNi×Fi denotes the feature of a hierarchically down-

sampled point cloud X
(i)
en ∈ ℜNi×3 at the i-th WFA layer,

with i = 1, 2, · · · ,H . The WFA module more effectively
balances the fusion of various useful information within local
regions, and preserves point cloud features that are crucial for
keypoint localization, as depicted in Fig. 6. Let N1 denote
the number of input points, and the set of sampled points is
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Fig. 5. Proposed self-supervised network for keypoint detection. A sequence
of point clouds is fed into the keypoint estimation networks, that is, the
encoder. The encoder is composed of enhanced PointNet++, with a Softmax
activation function applied in the final layer. The encoder produces K
probability values for each point, indicating its probability to be one of the K
keypoints. The keypoint positions for each point cloud are computed by (1)
and utilized to form grid heatmaps. In the decoder, the WFA modules, grid
heatmaps, and MLP are used to reconstruct the input point clouds. To ensure
the semantic consistency of keypoints, a geodesic distance loss function is
introduced along all frames.

represented as Y = [Y1,Y2, · · · ,Yi, · · · ,YN2 ]
⊤ ∈ ℜN2×3.

Then, the neighborhood point set for each sampled point Yi

stands for Y i = [Yi1,Yi2, · · · ,Yij , · · · ,Yik]
⊤ ∈ ℜk×3. Each

neighborhood point Yij has a feature vector F1,ij extracted
from the previous layer, where the coordinate dimension is
d, and the feature dimension is F1. Hence, followed by
subsampling and grouping, the input of the WFA module is
N2 × k× (d+F1), and the new F2-dimensional feature F ′

2,ij

for each neighborhood point Yij is derived as [19]

F ′
2,ij = MLP[(Yij − Yi)⊕ F1,ij ], (2)

where Yij − Yi denotes the coordinate difference between the
neighborhood point and the sampled point, indicating that the
coordinates of points within each spherical neighborhood are
normalized with respect to the center point. After extracting
features F ′

2,ij , the WFA module is employed to aggregate
these point features into global features for the local region.
The WFA module performs weighted summation by learning
weights for each feature in the sub-network. The weight vector
wij is learned from both the coordinates of each point Yij

and its corresponding learned features F ′
2,ij . wij has the same

dimension as F ′
2,ij and is computed as follows:

wij = MLP
[
(Yij − Yi)⊕

(
F ′
2,ij − F ′

i

)]
, (3)

where F ′
i stands for the average of all features F ′

2,ij in the
spherical region. The global feature F2,i for the local region is
derived through a weighted summation of point features F ′

2,ij

and their corresponding weight vectors wij . Specifically, F2,i

is formulated as follows:

F2,i =

k∑
j=1

wij ⊙ F ′
2,ij . (4)

Unlike PointNet, which employs simple pooling operations
to aggregate local features into global features, the WFA
module provides effective weighting of each point feature’s
contribution to the global feature. Hence, the WFA module
preserves essential information and improves the detection
accuracy of keypoints.

Then, connecting each pair of keypoints, a skeleton of the
input point cloud is constructed, consisting of C2

K = K(K −
1)/2 edges. Among them, the edges are expressed as (κi,κj)
to connect the keypoints κi ∈ ℜ3 and κj ∈ ℜ3. Meanwhile,
sij is the weight of the edges (κi,κj). Subsequently, a grid-
based heatmap is employed to densely represent the 3-D shape
using the information from the predicted keypoints κ. A 3-D
array of grid points G ∈ ℜ4096×3 is defined in the normalized
cubic 3-D space. Then, the distance dij(g) between a grid
point g ∈ ℜ3 where g ∈ G and an edge of skeleton (κi,κj)
is defined as [21]

dij(g) = ∥g − gproj∥ , (5)
where

gproj =


κi, α ≤ 0,

(1− α)κi + ακj , 0 < α < 1,

κj , α ≥ 1,

(6)

α =
(g − κi) · (κj − κi)

∥κi − κj∥22
∈ ℜ. (7)

When 0 < α < 1, the projection point gproj ∈ ℜ3 is located
within the edge (κi,κj). When α ≤ 0, the projection point is
on the extension line of the edge, close to κi. When α ≥ 1,
the projection point is on the extension line of the edge, close
to κj . Afterwards, the feature of each grid point D(g) is
expressed as the maximum of the weighted distances from
this point to the edges of the skeleton, and D(g) is defined as

D(g) = max
ij

{
sij exp

(
d2ij(g)/ν

2
)}
, (8)

where ν represents a hyper-parameter. Meanwhile, the grid
heatmap Γ denotes the 3-D array containing the features of
all the grid points, which is defined as follows:

Γ = [D(Gxyz)]x,y,z=1,2,··· ,16 ∈ ℜ4096×1, (9)
where Gxyz ∈ ℜ3 stands for the extracted grid point coordi-
nate from G. Consequently, the grid heatmap Γ contains the
complete geometric information of the keypoints κ.

Based on the encoder, the decoder ψde consists of the H
MLPs to reconstruct the 3-D shape of the input point clouds
by incrementally refining geometric details in a hierarchical
method. Formally, the feature of the (H − i + 1)-th layer of
the decoder ψ(H−i+1)

de is defined as [21]

ψ
(H−i+1)
de = Γ(X(i)

en )⊕ ψ(i)
en ⊕ Proj(·), (10)
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Fig. 6. Specific structure of the encoder and decoder at frame T .

where Γ(X
(i)
en ) ∈ ℜNi is the grid heatmap of the extracted

features indexed by X(i)
en ∈ ℜNi×3, ψ(i)

en ∈ ℜNi×Fi represents
the feature of the point cloud derived from the i-th encoder,
and Proj(·) = Proj(ψ

(H−i)
de , X

(i−1)
en , X

(i)
en ) is the feature

projection operator from the previous layer of the decoder.
Furthermore, to ensure the semantic consistency of key-

points during object deformation, a geodesic distance loss
function is proposed to maintain the desired geodesic dis-
tances between the estimated keypoints along all frames.
During training, it is assumed that T consecutive point clouds
sequences [X(1), X(2), · · · , X(T )] can be obtained, where
X(t) = [x1(t),x2(t), · · · ,xN (t)]⊤ denotes the point cloud
corresponding to the deformable object under relative motion
at frame t and t ∈ T . The weight matrix corresponding to
the j-th keypoint κj at frame t is denoted as Wκj

(xi(t)) ∈
ℜ1×N , where i ∈ N and j ∈ K, representing the probability
of each point xi to be the j-th keypoint. Given the point cloud
X(t) at frame t, the desired geodesic distance between two
keypoints is defined as follows [23]:

EX(t)[dX(t)(κi,κj)] =∑
m,n

Wκi(xm(t))dX(t)(·, ·)W⊤
κj
(xn(t)), (11)

where dX(t)(·, ·) = dX(t)(xm(t),xn(t)) denotes the pre-
computed geodesic distance between two points in X(t), and
m,n ∈ N . Then, all the keypoint probabilities are stacked
row-wise in a matrix W (t) ∈ ℜK×N . By organizing the
whole pairwise geodesic distances in a matrix I(t) ∈ ℜN×N

with elements I(i, j)(t) = dX(t)(xi(t),xj(t)), the matrix of
the desired distances between whole keypoint pairs can be
constructed as W (t)I(t)W⊤(t). Then, the geodesic distance
loss is derived as follows [23]:

Lgeo =

T∑
t1,t2=1
t1 ̸=t2

∥∥W (t1)I(t1)W
⊤(t1)−W (t2)I(t2)W

⊤(t2)
∥∥2.

(12)
The geodesic distance loss is employed only during the
training phase. Moreover, I(t) is only required during training

and can be computed offline during the dataset preprocessing.
In this paper, the keypoints extracted from the last frame of the
point cloud sequence during training are utilized as the desired
keypoints Sd

3. The overall loss function is the weighted sum
of three components, which is obtained as

Lall = λgeoLgeo + λsimLsim + λfarLfar, (13)
where λgeo, λsim, and λfar represent the scalar loss coeffi-
cients, Lsim is the similarity loss, and Lfar stands for the
farthest point keypoint loss. Precisely, the Chamfer distance
between the reconstructed point cloud Xr and the input point
cloud X is introduced to approximate Lsim. Lfar guarantees
that the keypoints are well-distributed on the object surface
and effectively capture the object’s geometric structure. Please
refer to [37] for the detailed principles and computation
process of Lsim and Lfar.

B. Adaptive Fuzzy Based Jacobian Estimator
The Jacobian matrix J ∈ ℜ3a×6 can be denoted as

Ṡ = J q̇ =


Ṡ1

...
Ṡu

...
Ṡa

 =


J11 · · · J1v · · · J16

...
. . .

...
...

Ju1 · · · Juv · · · Ju6

...
...

. . .
...

Ja1 · · · Jav · · · Ja6




q̇1
...
q̇v
...
q̇6

 ,
(14)

3In the training phase, K keypoints are detected from the final frame of the
point cloud data. Then, a keypoints are selected within the region of interest
(ROI) to serve as features for different tasks. The ROI and a can be flexibly
determined manually based on the practical tasks. For ROI selection, we
prioritize regions with significant deformation, and for tasks involving multiple
objects, separate ROIs are defined for each object. For a selection, the selected
keypoints must first be located within the ROI with a reasonable spatial
distribution. Second, the value of a should balance deformation representation
and control complexity. Third, the selected a keypoints should include both
keypoints at significantly deformed locations and relatively static keypoints
to constrain undesired deformation. Fourth, the selected a keypoints should
remain reliably detectable without occlusion throughout DOM tasks. Since this
process involves multiple coupled and task-dependent constraints, automatic
selection remains challenging and is left for future work.
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where Ṡ ∈ ℜ3a denotes the motion velocity of the keypoints
and Juv ∈ ℜ3. For online estimation of the Jacobian matrix,
an adaptive fuzzy system is developed as follows:

Juv = ω∗⊤
uv ϕ(δ) + υuv, (15)

where ω∗
uv ∈ ℜn×3 is the optimal weight matrix,

ϕ(δ) = [ϕ1(δ), ϕ2(δ), · · · , ϕj(δ), · · · , ϕn(δ)]⊤ ∈ ℜn de-
notes the fuzzy basis function, δ =

[
S⊤, q⊤]⊤ =

[δ1, δ2, · · · , δi, · · · , δ3a+6]
⊤ ∈ ℜ3a+6 represents the input

vector, and υuv ∈ ℜ3 denotes the estimation error vector for
the (u, v)-th element of the Jacobian matrix J , and Υ ∈ ℜ3a×6

represents the overall estimation error matrix with the same
structure as J , where

Υ =


υ11 · · · υ1v · · · υ16

...
. . .

...
...

υu1 · · · υuv · · · υu6

...
...

. . .
...

υa1 · · · υav · · · υa6

 .
υuv and ω∗

uv have upper bounds, i.e., ∥ω∗
uv∥ ≤ ω̄ and ∥υuv∥ ≤

ῡ. The fuzzy basis function ϕ(δ) is defined as [38], [39]

ϕj(δ) =
Π3a+6

i=1 µj
i (δi)∑n

j=1

[
Π3a+6

i=1 µj
i (δi)

] , (16)

where n represents the number of fuzzy rules and the Gaussian
membership function of the fuzzy sets µj

i (δi) is defined as

µj
i (δi) = exp

[
−
(
δi − cij
bj

)2
]
, (17)

where cij and bj denote the center and width of the member-
ship function, respectively. Subsequently, the (u, v)-th block
of the estimated Jacobian matrix Ĵ ∈ ℜ3a×6 is expressed as

Ĵuv = ω̂⊤
uvϕ(δ), (18)

where Ĵuv ∈ ℜ3. The (u, v)-th block of estimation error
matrix J̃ ∈ ℜ3a×6 is obtained as

J̃uv = Juv − Ĵuv = ω̃⊤
uvϕ(δ) + υuv, (19)

where J̃uv ∈ ℜ3 and ω̃uv = ω∗
uv − ω̂uv is the estimation error

of the weight matrix. Since we detect keypoints from the final
frame of the point cloud data as the desired keypoints Sd, Sd

is stationary, i.e., Ṡd = 0. Hence, we can obtain

ėS = Ṡ = J q̇ = Ĵ q̇ +∆Ṗn, (20)

where ∆Ṗn =
[
∆Ṗ⊤

n1,∆Ṗ⊤
n2, · · · ,∆Ṗ⊤

nk, · · · ,∆Ṗ⊤
na

]⊤
∈

ℜ3a and ∆Ṗn = J q̇ − Ĵ q̇ = J̃ q̇. Then, we can derive
∆Ṗnk =

(
ω̃⊤
uvϕ(δ) + υuv

)
q̇v, (21)

where ∆Ṗnk ∈ ℜ3.

C. Visual Servoing Controller
To maintain the control performance of the robotic arm, PPC

is implemented to bound the keypoint errors within predefined
funnel constraints, ensuring the keypoints remain within the
spatial constraints. Based on this, the specific constraints for
the keypoint errors are formulated as follows:{

−µuρu(t) < eSu < ρu(t), eSu ≥ 0,

−ρu(t) < eSu < µuρu(t), eSu < 0,
(22)

where u = 1, 2, · · · , 3a, µu ∈ [0, 1] is the ad-
justable coefficient, and exponentially decaying funnel func-
tions ρu(t) are defined for each element eSu in the
error vector eS = [eS1, eS2, · · · , eSu, · · · , eSa]

⊤
=

[eS1, eS2, · · · , eSu, · · · , eS3a−1, eS3a]
⊤ ∈ ℜ3a as [28]

ρu(t) = (ρ0u − ρ∞u) exp(−τut) + ρ∞u, (23)
where ρ0u, ρ∞u, and τu are positive constants satisfying
ρ0u > ρ∞u. The convergence rate of ρu(t) can be modified
by adjusting the value of τu. Combined with ρu(t) and eSu,
the error transformation function ψu(εu) is introduced as [40]

eSu = ψu(εu)ρu(t), (24)

ψu(εu) =
δu exp(εu)− δu
exp(εu) + 1

, (25)

where −δu < ψu(εu) < δu with δu and δu are positive
constants that satisfy the following conditions:

(−δu, δu) =

{
(−µu, 1), eSu(0) ≥ 0,

(−1, µu), eSu(0) < 0.
(26)

According to (24) and (25), the u-th element of the transferred
errors ε = [ε1, ε2, · · · , εu, · · · , ε3a]⊤ can be derived as

εu = ln(eSu + δuρu(t))− ln(δuρu(t)− eSu). (27)
Then, by taking the derivative of εu, we can obtain

ε̇u = ru(ρu(t)ėSu − ρ̇u(t)eSu), (28)
where R = diag(r1, r2, · · · , ru, · · · , r3a) ∈ ℜ3a×3a and
θ = diag(ρ1(t), ρ2(t), · · · , ρu(t), · · · , ρ3a(t)) ∈ ℜ3a×3a. The
specific expression for ru is given as follows:

ru =
δu + δu

(δuρu(t) + eSu)(δuρu(t)− eSu)
.

Consequently, the visual servoing controller is designed as

q̇ = −Ĵ+

[
− θ̇
θ
eS + k1

1

Rθ
ε+ k2 tanh(ε)

]
, (29)

where k1, k2 ∈ ℜ3a×3a denote positive diagonal control gain
matrices and Ĵ+ ∈ ℜ6×3a stands for the pseudo-inverse of
the estimated Jacobian matrix. Meanwhile, the adaptive update
laws of ω̂uv are designed as follows:

˙̂ωuv,i = ϕ(δ)q̇v(ruρu(t)εu)− ηω̂uv,i, (30)

where ˙̂ωuv =
[
˙̂ωuv,1, ˙̂ωuv,2, ˙̂ωuv,3

]
∈ ℜn×3, i = 1, 2, 3, and

η > 0 is a positive constant.

D. Stability Analysis
Theorem 1: The proposed controller (29), adaptive fuzzy

estimator (18), and update laws (30) guarantee that keypoint
errors converge to small neighborhoods of the origin within
the spatial constraints. Meanwhile, the prescribed performance
(22) can be guaranteed when the initial errors of keypoints are
within the funnel functions (23).

Proof : To prove Theorem 1, a Lyapunov function candidate
is first selected as follows:

V1 =
1

2
ε⊤ε. (31)

By taking the time derivative of V1 and substituting (20), (21),
(28), (29), it can be derived that

V̇1 = ε⊤ε̇ = ε⊤R(θėS − θ̇eS)

= ε⊤R[θ(Ĵ q̇ +∆Ṗn)− θ̇eS ] (32)

= −ε⊤k1ε− ε⊤Rθk2 tanh(ε) + ε⊤RθJ̃ q̇.
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Then, to prove the Lyapunov stability of the proposed con-
troller, another Lyapunov function candidate is constructed as

V2 = V1 +
1

2

6∑
v=1

a∑
u=1

3∑
i=1

ω̃⊤
uv,iω̃uv,i. (33)

By taking the time derivative of V2 and substituting (30), we
can obtain that

V̇2 = V̇1 −
6∑

v=1

a∑
u=1

3∑
i=1

ω̃⊤
uv,i

˙̂ωuv,i

= V̇1 −
6∑

v=1

a∑
u=1

3∑
i=1

(
ω̃⊤

uv,iϕ(δ)q̇vruρu(t)εu − ηω̃⊤
uv,iω̂uv,i

)
≤ −ε⊤k1ε− ε⊤Rθk2 tanh(ε) +

∥∥ε⊤∥∥ ∥R∥ ∥θ∥ ῡ ∥q̇∥
+ η

6∑
v=1

a∑
u=1

3∑
i=1

ω̃⊤
uv,iω̂uv,i. (34)

To ensure that the Jacobian matrix can effectively characterize
the quasi-static elastic deformation dynamics of the object,
the robotic arm operates at sufficiently low velocity, i.e., ∥q̇∥
is a sufficiently small positive value. Based on the universal
approximation theorem [41], ῡ is also a sufficiently small
positive value. Let the minimum eigenvalue of k2 satisfy
λmin(k2) ≥ ῡ∥q̇∥. Then, (34) can be further simplified as

V̇2 ≤ −ε⊤k1ε+ η

6∑
v=1

a∑
u=1

3∑
i=1

ω̃⊤
uv,iω̂uv,i

≤ −ε⊤k1ε− η

2

6∑
v=1

a∑
u=1

3∑
i=1

(
∥ω̃uv,i∥2 −

∥∥ω∗
uv,i

∥∥2)
≤ −χV2 + β, (35)

where χ = min(2γmax(k1), η), β = η
2

6∑
v=1

a∑
u=1

3∑
i=1

∥∥ω∗
uv,i

∥∥2,

and γmax(k1) represents the maximum eigenvalue of k1. By
further solving inequality (35), it is not difficult to derive that

V2(t) ≤ V2(0)e
−χt +

β

χ

(
1− e−χt

)
. (36)

When the initial errors of keypoints eS(0) are within the
funnel functions (23), it can be deduced that

V2 ∈ L∞ ⇒ eS , ėS , ε, ε̇, ω̃uv,i ∈ L∞, i = 1, 2, 3. (37)

Finally, it can be further concluded that

lim
t→∞

∥ε(t)∥ ≤

√
2β

χ
. (38)

Therefore, by utilizing controller (29), adaptive fuzzy estima-
tor (18), and update laws (30), the keypoint errors converge
to a small neighborhood of the origin. Furthermore, the result
of ε, ε̇ ∈ L∞ imply that (22) holds. If eSu is to violate the
constraints specified in (22), then by (27), εu would tend to
infinity, contradicting the result in (37). By utilizing reduction
to absurdity, eS always remains within the prescribed con-
straints, thereby completing the proof of Theorem 1. ■

V. EXPERIMENTAL RESULTS

A. Experimental Setup
Fig. 7 shows the experimental setup of four subsystems.
(1) Host PC system. The keypoint detection networks

and visual servoing controller are implemented on a personal

Fig. 7. Eye-to-hand robot platform with PSGs for DOM.

computer (PC) equipped with an Intel i7-13620H CPU, 16
GB of memory, and an NVIDIA GeForce RTX 4060 GPU.
Communication among the PC, the Universal Robots 10e
(UR10e), and the camera is managed using Robot Operating
System 2 (ROS 2) on Ubuntu Linux. The programs for point
cloud processing, keypoint detection network training, and
visual servoing controller are all developed in Python, utilizing
OpenCV, PyTorch framework, and URX library, respectively.

(2) Sensing system. The perception system includes bend-
ing sensors (1-Axis Flex Sensor Evaluation Kit, Bend Labs)
and an Intel RealSense D435i camera. The bending sensors
are attached to the inner side of the PSAs and can deform
synchronously with the PSAs. The sensors transmit real-time
bending angle data to the host PC via Bluetooth communica-
tion. Moreover, a camera is used to capture the point cloud of
objects at a resolution of 640 × 480 in real-time.

(3) Actuation system. The actuation system consists of
UR10e and PSGs. The UR10e is employed for the exper-
imental verification of DOM (Section D) with an eye-to-
hand configuration. To prevent object damage and ensure that
the Jacobian matrix can accurately compute the dynamics of
quasi-static elastic deformation of the object, the maximum
joint angular velocity of the UR10e is limited to 0.04 rad/s4.

(4) Pneumatic supply system. The air compressor com-
presses the surrounding air and stores it. The compressed air
is then delivered to the oil-water separator through specific
pipelines. The oil-water separator purifies the compressed air
by removing oil and moisture contaminants, and the clean air is
subsequently transmitted to the pressure regulator (SMC-IR20)
via air tubing. The bending angle of the PSGs is controlled
by adjusting the valve opening of the pressure regulator.

B. Performance Verification of PSGs
Experiment 1: Grasping performance verification.

4Through reasonable adjustment, the maximum joint angular velocity is
selected as 0.04 rad/s. The excessively large maximum joint angular velocity
causes the deformable objects to exhibit non-negligible dynamic and inertial
effects, which violates the quasi-static assumption. Consequently, the Jacobian
matrix can no longer accurately characterize the mapping between keypoint
motion and robot joint motion, thereby increasing the estimation error ῡ.
Conversely, the excessively small maximum joint angular velocity prevents
the controller from providing sufficient corrective action. When the keypoint
errors approach the funnel functions ρu(t), the joint angular velocity needs
to be increased rapidly to quickly force the keypoint back within the
funnel functions. An overly restrictive velocity limit causes the control input
saturation, potentially leading to violations of the predefined spatial constraints
on the keypoint errors, which degrades the transient performance or even
results in task failure.
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Fig. 8. Grasping performance experiments of different objects.

Fig. 9. Bending performance experiments of different payloads.

To verify the grasping performance of PSGs, eight different
grasping experiments are conducted in Experiment 1. The
experimental results demonstrate that the PSGs can firmly
grasp various types of objects without relative displacement at
certain heights. These objects include irregular, fragile, large,
deformable, and smooth-surfaced items, as illustrated in Fig.
8. Notably, PSGs achieve damage-free grasping, particularly
when handling fragile objects such as eggs, tissues, and crisps.
Furthermore, when the experimenter shakes the PSGs, no
relative displacement occurs between the objects and grippers.
This performance is primarily attributed to the ROM in the SL,
which provides necessary rigid support. The particle filling
technique is then introduced to further enhance the stiffness
of the PSGs, achieving uniform deformation of the grippers.

Experiment 2: Bending performance verification.
Experiment 2 validates the bending performance of the pro-

posed gripper under different loads. A sinusoidal air pressure
signal u with variable amplitude is given as

u = (0.65 + 0.01t) |sin(0.2πt)| , t ∈ [0, 60].

As depicted in Fig. 9, the PSAs achieve a bending angle of
87.06 deg at 1.2 bar input pressure under no-load conditions.
Under 100 g and 200 g loads, the PSAs achieve bending
angles of 56.58 deg and 42.37 deg, respectively, at 1.2 bar
input pressure. The experimental results demonstrate that the
proposed PSGs maintain satisfactory bending performance and
compliance while providing effective load-bearing capability.

C. Validation of Keypoint Detection
In this section, we compare the proposed networks with

existing methods to validate the effectiveness and superiority
of keypoint detection and 3-D point cloud reconstruction. The
deformable object datasets are obtained from the experimental
validation of DOM (Section D), including sponges, ropes, and
scarves. Each dataset contains 600 sets of point clouds for
training, consisting of 400 dynamic point clouds capturing

slow motion from initial to desired positions and 200 static
point clouds at the desired positions.

The data preprocessing consists of three main stages. First,
RGB-D data of target objects are extracted from complex
backgrounds using multi-stage filtering, including color fil-
tering, depth filtering, and morphological operations. Color
filtering combines HSV thresholding, RGB channel analy-
sis, LAB processing, saturation calculation, and color ratio
evaluation for robust segmentation. Depth filtering constrains
detection within 0.2–0.6 m, while morphological operations
generate binary masks based on area and color purity criteria.
Second, point cloud processing applies statistical filtering (20–
30 nearest neighbors, 3.0 standard deviation), voxel down-
sampling (3–5 mm), and uniform resampling to 2048 points
with 0.5 mm Gaussian noise when duplication is needed.
Third, the keypoint detection network is trained with Adadelta
optimizer, batch size of 16, learning rate of 0.1, λsim = 10,
λfar = 1, and λgeo = 0.1. Gradient clipping (maximum
norm 1.0) and point cloud normalization ensure stable training.
Then, 16 keypoints are detected from the point cloud sequence,
with four keypoints selected within the ROI for different tasks.
For fair comparison, four keypoints with the same indices are
selected for all methods, and the keypoint detection results are
visualized at the same instant.

Each dataset is trained five times, yielding average training
times of 167 minutes, 117 minutes, and 135 minutes, respec-
tively. The differences in training time are mainly due to their
different geometric complexities and deformation characteris-
tics. The sponge has the most complex surface geometry with
a dispersed point cloud distribution, resulting in the highest
computational cost for I(t). The rope, as a linear object, has
the simplest geometry and the lowest cost. The red region of
the scarf, as a thin object, falls in between.

The proposed network is compared with Self-Geo [23],
SC3K [22], and PointNet++ [37] to demonstrate its effective-
ness and superiority, as illustrated in Fig. 105. Results show
that the proposed method achieves superior performance in
point cloud 3-D reconstruction and keypoint detection. Specif-
ically, the keypoints detected by the proposed method exhibit
uniform spatial distribution across the point cloud surface
and remain within the point cloud boundaries. Furthermore,
the proposed method successfully estimates keypoints from
point cloud sequences with excellent temporal and spatial
consistency, which is crucial for shape control.

Remark 1: The selection of 4 keypoints from the detected
16 keypoints is based on two considerations. First, regarding
the minimum dimensionality for controllability, inspired by
[42], the dimension of the selected keypoints must exceed that
of the control inputs to avoid rank deficiency and potential
singularities of J . That is, shape control of a 6-DOF robotic
arm requires at least three keypoints with the 3-D coordinates.
Second, in terms of sufficient deformation representation with
controlled complexity, the selected a keypoints must ade-
quately capture the object’s deformation to ensure convergence
toward the desired shape. Conversely, too many keypoints
not only increase the computational cost of Ĵ+ but also
introduce redundant or noisy features, thereby reducing the
control performance.

5Task 2 is the rope docking task. Four keypoints are selected, with one on
the static rope and three on the deformable rope. For clarity of visualization,
only the three keypoints on the deformable rope are presented in this paper.
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Fig. 10. Comparison of the keypoint detection.

Fig. 11. Qualitative results of three tasks.

D. Experimental Verification of DOM
The parameters of the visual servoing controller are set as

k1 = 0.12I12×12, k2 = 0.01I12×12. Funnel functions ρu(t)
are designed for the x, y, and z axes, i.e., u = x, y, z. In Task
1, ρ0x = 0.16, ρ0y = ρ0z = 0.08, ρ∞x = ρ∞y = ρ∞z =
0.01, τx = 0.05, τy = τz = 0.07. In Task 2, ρ0x = 0.12,
ρ0y = ρ0z = 0.08, ρ∞x = ρ∞z = 0.012, ρ∞y = 0.015, τx =
τy = τz = 0.03. In Task 3, ρ0x = 0.13, ρ0y = ρ0z = 0.08,
ρ∞x = ρ∞y = ρ∞z = 0.02, τx = τy = τz = 0.05.

The robotic arm is controlled to move randomly within a
region near its initial configuration, and the coordinates of
keypoints and joint angles are recorded in real time as input
to the fuzzy estimator. After recording 100 sets of input data,
K-means clustering is applied to determine the center c of
the membership functions. The width b is proportional to the
average distance between adjacent cluster centers to ensure
sufficient overlap between adjacent fuzzy basis functions,
thereby fully covering the input. The number of fuzzy rules
is set to n = 9 to balance the accuracy of the fuzzy estimator

with real-time computational efficiency. The control frequency
of the proposed method is approximately 4 Hz.

Task 1: Sponge morphing to target letters.
The aim of Task 1 is to manipulate the sponge to deform

into a specified shape (letters IJ). The experimental process and
control performance are shown in Figs. 11–13. The experimen-
tal results demonstrate that the total position error of keypoints
steadily converges to 0.02 m at 27.3 seconds. Each keypoint
moves towards the desired position without significant fluctua-
tions, demonstrating satisfactory transient performance of the
proposed method. Notably, the proposed method effectively
ensures that the position errors of keypoints in the x, y, and
z axes do not violate the preset constraint boundaries. When
keypoints approach the constraint boundaries, the controller
promptly adjusts the control inputs to ensure that the keypoints
are within the predefined spatial funnel functions.

Task 2: Rope docking.
The purpose of Task 2 is to manipulate the rope to deform

into a specified shape for docking with another rope. The ex-
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Fig. 12. Results of Task 1. In subfigure (b), ⋆ symbols are desired positions,
◦ symbols are actual start/end positions of keypoints, and red, green, blue,
purple solid lines are motion trajectories of keypoints 1–4, respectively.

Fig. 13. Keypoint position errors in X, Y, and Z axes of Task 1.

Fig. 14. Results of Task 2. In subfigure (b), ⋆ symbols are desired positions,
◦ symbols are actual start/end positions of keypoints, and red, green, purple
solid lines are motion trajectories of keypoints 1–3, respectively.

Fig. 15. Keypoint position errors in X, Y, and Z axes of Task 2.

perimental process and control performance are shown in Figs.
11, 14, and 15. Under green rope disturbances, the proposed
point cloud processing method effectively extracts the point
cloud of the red rope. The total position error of keypoints
converges to 0.02 m at 54.3 seconds. It should be noted that
the keypoint coordinates detected in real-time are sensitive
along the depth direction, which tends to cause fluctuations in
keypoint errors and consequently requires the robotic arm to
perform multiple trial-and-error attempts during the docking
process. Even so, the position errors of keypoints in the x, y,
and z axes remain within the preset constraint boundaries, and
the control performance meets practical requirements.

Task 3: Robot-assisted dressing.
The purpose of Task 3 is to manipulate the scarf to deform

into a specified shape and then dress the mannequin with

Fig. 16. Results of Task 3. In subfigure (b), ⋆ symbols are desired positions,
◦ symbols are actual start/end positions of keypoints, and red, green, blue,
purple solid lines are motion trajectories of keypoints 1–4, respectively.

Fig. 17. Keypoint position errors in X, Y, and Z axes of Task 3.

Fig. 18. Transferred errors in X, Y, and Z axes of Task 3.

Fig. 19. Control inputs of Task 3.

the scarf, achieving robot-assisted dressing. The experimental
process and control performance are shown in Figs. 11, 16–
19. The total position error of keypoints converges to 0.03
m at 36.7 seconds, with each keypoint moving smoothly
towards the desired position. The position errors of keypoints
in the x, y, and z axes remain within the preset constraint
boundaries. When the total position error remains below 0.03
m for 12 seconds, the scarf is considered to have achieved
the specified shape, and the end-effector of the robotic arm
descends by a predetermined height to complete the assisted
dressing experiment. The proposed PSGs firmly grasp the scarf
without relative displacement. More importantly, the grippers
guarantee safe and compliant robot-human interaction. The
fuzzy estimator exhibits satisfactory cross-task robustness.
First, K-means clustering can determine the center c based
on the input data distribution for each task, thus obtaining
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the width b and reasonably allocating the fuzzy sets. Second,
the adaptive update law optimizes the weight matrices online,
which gradually reduces the estimation errors.

Remark 2: Although the proposed method is not robust
to occlusion, this paper attempts to avoid occlusion from
both hardware and software perspectives. From the hardware
perspective, the positions of the soft grippers, the robotic arm,
the objects, and the camera should be properly arranged when
setting up the experimental platform. This can effectively al-
leviate occlusion during DOM tasks. Meanwhile, the grasping
position of the soft grippers should be properly set so that it
does not occlude the selected ROI and keypoints during DOM
tasks. From the software perspective, the ROI and keypoints
should be reasonably selected to avoid occlusion during the
deformation process as much as possible.

Remark 3: In each task, to meet the conditions in (22), ρ0u
is set slightly larger than the initial errors es(0). Then, ρ∞u

is selected according to the control accuracy requirements of
the specific task. The selection of τu is relatively conservative
to ensure that the manipulation motion of the robotic arm
is sufficiently slow under Assumption 1. The differences
in parameter adjustment of funnel functions are primarily
due to variations in object geometry, deformation amplitude,
task requirements, and control accuracy requirements. Task
1 requires the larger ρ0u due to its large initial deformation
along the x-axis. In Task 2, as the keypoints are sensitive along
the depth direction, we appropriately reduce τu, allowing the
funnel functions to decrease more gradually, thereby ensuring
satisfactory transient performance of the system.

E. Ablation Experiments

To validate the effectiveness of the proposed control method,
ablation experiments are conducted by replacing the proposed
control law with Broyden [26] and ENN [24] methods. The
experimental results are presented in Figs. 20–25, and perfor-
mance indicators and experimental results are summarized in
Table I. In Table I, ts denotes the settling time and ē is the
steady-state error of the total keypoint position error.

In Task 1, all three methods fulfill that keypoint errors
converge to the neighborhood of the origin, as depicted in
Fig. 20. However, the proposed method achieves a shorter
settling time (27.3 s) compared with the ENN method (38.0
s), demonstrating satisfactory transient performance. Further-
more, the proposed method exhibits smaller steady-state error
(0.02 m) than the Broyden (0.05 m) and ENN methods
(0.04 m), while guaranteeing smooth convergence of keypoint
errors. As shown in Fig. 21, the proposed method successfully
manipulates the robotic arm to deform the sponge into the
specified shape.

In Task 2, the proposed method achieves shorter settling
time (54.3 s) compared with the Broyden (114.2 s) and
ENN methods (83.8 s), demonstrating superior transient per-
formance, as depicted in Fig. 22. Furthermore, it exhibits a
smaller steady-state error (0.02 m) than the ENN method
(0.04 m). Fig. 23 shows that the proposed method successfully
controls the rope shape and completes the docking task.

In Task 3, the proposed method ensures keypoint errors
smoothly converge to the neighborhood of the origin, as
depicted in Fig. 24. Moreover, the proposed method achieves
shorter settling time (36.7 s) compared with the Broyden (40.6

Fig. 20. Total position errors of keypoints with different methods in Task 1.

Fig. 21. Visualization results for different methods in Task 1.

Fig. 22. Total position errors of keypoints with different methods in Task 2.

Fig. 23. Visualization results for different methods in Task 2.

Fig. 24. Total position errors of keypoints with different methods in Task 3.

Fig. 25. Visualization results for different methods in Task 3.

s) and ENN methods (41.3 s), and exhibits smaller steady-state
error (0.03 m) than the above method (0.05 m). As shown
in Fig. 25, the proposed method successfully manipulates the
robotic arm to deform the scarf into the specified shape and
complete the assisted dressing task.

VI. CONCLUSION

For 3-D DOM, this paper has proposed a data-driven
method with spatial constraints in the latent space. Firstly,
a self-supervised keypoint detection network is developed for
deformable objects. The network operates without requiring
ground truth labels or prior knowledge of deformed shapes
while preserving spatial geometric information. The WFA-
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TABLE I
ts AND ē ACROSS THREE TASKS (BEST RESULTS IN BOLD).

Task Task 1 Task 2 Task 3

Performance indicators ts [s] ē [m] ts [s] ē [m] ts [s] ē [m]

Proposed method 27.3 0.02 54.3 0.02 36.7 0.03
Broyden method 28.3 0.05 114.2 0.03 40.6 0.05
ENN method 38.0 0.04 83.8 0.04 41.3 0.05

enhanced encoder preserves critical features for keypoint lo-
calization and outputs keypoint probability scores for each
point. Meanwhile, a geodesic distance loss function ensures
semantic consistency of keypoints across 3-D frames regard-
less of shape deformation. Secondly, a Jacobian-based PPC
method is proposed as a visual servoing controller. An adaptive
fuzzy-based Jacobian estimator is developed to estimate the
Jacobian matrix between keypoint velocities and robot joint
velocities in real-time. Then, a PPC method is designed to
guarantee keypoint errors converge within predefined spatial
funnel functions. To prevent damage to deformable objects
and provide safe interaction in DOM tasks, a PSG is designed,
providing a feasible structure for soft robots. The effectiveness
and practicality of the proposed method are verified in different
types of deformable objects and different scenarios. Ablation
experiments demonstrate that the proposed method achieves
superior transient and steady-state performance.

However, the main limitations of the proposed method lie in
its weak robustness to occlusion and its limited generalization
ability for cross-object keypoint detection. That is, for objects
with entirely new shapes or materials, a new point cloud
dataset needs to be collected for offline training. In future
work, we plan to combine other deep learning methods with
the proposed method to address the occlusion and cross-object
keypoint detection problems.
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