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Abstract:     Deformable  manipulation  has  attracted  a  lot  of  attention  in  the  field  of  robotics,  especially  in  medical  applications.
However, manipulating deformable objects faces various challenges, mainly including their complex dynamic properties and unpredict-
able nonlinear deformations. It is difficult to provide a basis for deformable object measurements without effective control methods that
provide intelligent and accurate position control, and this research also provides a premise for deformable object measurements. To ad-
dress these issues, this paper proposes an online iterative perception policy (IPP) method, which does not require large-scale deep net-
work training. This method is able to perceive transformations through an iterative process, and achieve efficient and accurate control of
deformable objects. Extensive experiments in the simulation environment and the real scene are conducted to validate the effectiveness
and  superiority of  the proposed method, as well as  to  compare with advanced algorithms  (linear–quadratic  regulator  (LQR),  sliding
mode control (SMC), model predictive control (MPC), and heuristic). The experimental results reveal that IPP outperforms other ap-
proaches in terms of convergence, stability, robustness and flexibility in both the simulation and real-world scenarios, regardless of tex-
tile properties or initial conditions.
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1   Introduction

Deformable object research has attracted much atten-

tion  in  the  field  of  robotics,  particularly  for  medical  ap-

plications[1, 2]. Due to their flexible and non-rigid proper-

ties,  deformable  objects,  such as  soft  tissues,  organs  and

surgical materials, are crucial targets for robotic manipu-

lation.  In  medical  scenarios,  effective  manipulation  of

those deformable entities  is  of  fundamental  relevance for

applications, for instances, minimally invasive surgery, ro-

botic  suturing,  tissue  repair  and  rehabilitation  assist-

ance[3].  This  technological  breakthrough  is  expected  to

improve the precision, safety and efficiency of medical op-

erations, thereby driving changes in healthcare[4].

One  of  the  primary  challenges  in  manipulating  de-

formable objects lies in their complex dynamic and unpre-

dictable nature[5, 6]. Deformable objects, as opposed to ri-

gid objects, exhibit complex, nonlinear deformations when

subjected  to  external  forces.  The  degrees  of  deformation

are influenced not only by the magnitude and direction of

applied  forces  but  also  by the  material  properties  of  the

object, such as elasticity and shear modules[7, 8]. Further-

more,  accurately  describing  these  deformations  with

mathematical  models  is  particularly  challenging[9, 10].  All

of  these  challenging  problems  have  caused  great  diffi-

culties  in  the  measurement  of  deformable  objects,  and

there is an urgent need for a control strategy and frame-

work to accurately control deformable objects in order to

provide a research basis  for  the measurement of  deform-

able  objects.  Conventional  approaches  rely  on  precise

modeling and real-time perception, which are essential for

dealing with deformable objects that also present signific-

ant obstacles[11, 12]. Deformable objects in medical scenari-

os are often composed of complex and flexible materials,

demanding models that integrate a wide range of physic-

al  characteristics,  including elasticity,  viscosity and plas-

ticity[13].  Traditional  rigid  body  mechanics  are  insuffi-

cient to address these complexities. In addition, real-time
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perception of the deformable object′s state demands high-

resolution sensing capabilities,  such as  vision,  force  feed-

back,  or  multi-modal  sensor  fusion.  However,  the  data

from these sensors is often noisy and computationally ex-

pensive  to  process,  further  complicating  the  perception

and modeling tasks[14].

To handle with such difficulties and challenges, online

iterative perception policy (IPP), an online iterative per-

ception  policy  method  that  could  perceive  the  actuation

space  and  the  real  space  at  each  iteration  and  does  not

require massive deep network training, is hence proposed.

The main features of IPP are as follows:

1)  Effective  and  lightweight:  IPP  adopts  a  two-layer

transformer-based encoder-decoder architecture and could

be deployed on the RTX 4 070 platform and run in real

time.

2) Adaptive: The perception policy could perceive the

relationship  between  the  execution  space  and  the  real

space in each iteration, and could effectively achieve the

goal after changing the scene and environment.

3)  Robust:  The  policy  applies  delta  action  as  input,

which ensures that the system can still approach the tar-

get stably after changing the actuator and power system.

Compared  with  the  traditional  control  methods,  the

proposed  method  does  not  depend  on  a  specific  system

model and has better adaptability to systems with differ-

ent  parameters.  Unlike  data-driven  approaches,  the  pro-

posed  method  does  not  require  a  large  quantity  of  data

for  training  and  frequent  interactions  with  the  environ-

ment,  and  its  lightweight  design  enables  it  to  be  imple-

mented on edge  devices  and run in  real  time.  The main

contributions of the proposed method are as follows:

1) A lightweight neural network model is constructed

for  describing  the  mapping  relationship  from  manipu-

lator′s action space to the motion trajectory of the end of

a deformable object for specific experimental scenarios.

2) A perception transformation module is proposed as

a way to bridge the gap between deformable objects with

different  properties  and  between  simulation  and  real  en-

vironment,  such  design  avoids  re-training  of  neural  net-

work after the property changes in deformable objects or

environment.

3)  An  iterative  control  strategy  is  proposed  that  can

be deployed on edge-side devices and can operate in real-

time,  dynamically  adjusting  the  movements  of  a  robotic

arm  as  a  means  of  manipulating  the  trajectory  of  a  de-

formable object to reach a certain target point.

The  subsequent  organization  of  the  article  is  as  fol-

lows:  Section  2  presents  previous  relevant  work,  while

Section 3 constructs the research question. Subsequently,

the  specific  implementation  of  IPP  is  developed  in  Sec-

tion 4. Section 5 analyzes the experimental results of IPP

in both simulator and real scenarios, and Section 6 is the

conclusions. 

2   Related works

Manipulation  of  deformable  objects  is  a  complicated

and crucial research area in robotics with a wide range of

applications  in  areas  such  as  healthcare,  manufacturing

and autonomous  systems[15–17].  Various  control  strategies

have been proposed to address this  challenge,  which can

be broadly categorized into conventional control methods,

optimal  control  and  heuristic  methods  and  data-driven

techniques. 

2.1   Conventional control methods

Traditional  approaches  to  deformable  object  manipu-

lation are deeply grounded in control theory, with sever-

al methods sharing the common objective of performance

optimization  despite  their  different  implementations  and

trade-offs.  One  popular  method  is  the  linear  quadratic

regulator  (LQR),  which is  designed to  minimize  a  quad-

ratic cost function in linear systems[18, 19]. Although LQR

provides a theoretical solution for systems with linear dy-

namics, its direct application to deformable objects is of-

ten difficult  due to their  inherent nonlinearity and high-

dimension  information  of  these  systems[20].  To  address

these  limitations,  researchers  have  developed  enhanced

variants, such as time-varying LQR, which performs loc-

al linearization of the nonlinear dynamics[21]. This kind of

approaches  allow  the  control  strategy  to  retain  optimal

solution  while  adapting  to  the  evolving  state  of  the  sys-

tem,  thus  bridging  the  gap  between  linear  optimal  con-

trol  and  the  complicate  inherence  in  deformable  object

manipulation[22].

Model predictive control (MPC) is another type of the

control  paradigm.  MPC  formulates  the  control  problem

as  an  optimization  task  over  a  finite  prediction  horizon,

where  the  objective  is  to  optimize  a  performance  metric

while  satisfying  state  and  input  constraints[23].  Such

framework  naturally  supports  nonlinear  dynamics  via

continuously updating the optimization problem based on

real-time  measurements[24].  In  the  context  of  deformable

object manipulation, MPC can efficiently handle the sys-

tem′s  limitations  and  complex  behavior,  thereby  provid-

ing  a  more  flexible  and  adaptive  control  solution[25].

However, this benefit comes at the cost of increased com-

putational  complexity,  which  creates  substantial  chal-

lenges  for  real-time  implementation,  particularly  in  high

dimension applications[5].

Sliding  mode  control  (SMC),  is  a  nonlinear  control

method, could ensure robust operation in the face of un-

certainties  and  external  disturbances[26].  SMC  achieves

this objective via forcing system state to converge and re-

main  on a  specific  sliding  surface,  substantially  reducing

the  impact  of  model  inaccuracies  and  external  perturba-

tions[27].  In  applications  that  involve  deformable  objects,

this  robustness  is  particularly  valuable;  however,  the  in-

herent phenomenon that rapid oscillations are around the

sliding  surface,  can  impair  performance  and  reduce  con-

trol  smoothness[28].  Consequently,  various  modifications

and  extensions  of  SMC  have  been  proposed  to  reduce
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chattering  while  maintaining  its  desirable  robustness

properties[29].

There  are  also  some  iterative  control  frameworks  to

retrieve  control  input  that  maximize  performance

metrics[30].  These  techniques  have  presented  promise  in

achieving  precise  control  but  often  face  scalability  and

real-time  capability  challenges  in  high-dimensional  and

complex  environments[31–33].  Optimization-based  iterative

control  frameworks  are  also  frequently  used  with  some

success  for  the  control  of  objects  with  unknown

dynamics[34–36].  In  contrast,  heuristic  control  approaches

use predetermined rules or task-specific insights to direct

manipulation[37].  These  approaches  are  frequently  motiv-

ated by physical dynamics or actual observation, provid-

ing  computationally  efficient  solutions  for  less  complex

cases[38, 39]. While heuristic methods can deliver satisfact-

ory performance in structured environments, their adapt-

ability  to  dynamic  and  highly  variable  conditions  re-

mains limited[40]. 

2.2   Data-driven techniques

Deep learning has evolved in recent years as a useful

technique  for  manipulating  deformable  objects,  employ-

ing  data-driven  models  to  address  complicated  and  non-

linear dynamics without the need for explicit mathematic-

al  modeling[41].  Reinforcement  learning  (RL)-based  pro-

cedures  have  shown  particular  effectiveness  in  learning

control policies through repeated interaction with the en-

vironment, producing outstanding outcomes in tasks such

as  grabbing,  folding  and  stretching  flexible  materials[42].

This  framework  leverages  the  ability  to  model  complex

and nonlinear dynamics in a data-driven manner without

relying  on  explicit  mathematical  formulas.  The  iterative

structure of RL facilitates adaptation to varying task cir-

cumstances and uncertainties, making it a promising can-

didate  for  solving  the  issue  associated  with  deformable

objects manipulation[43]. Some methods utilize image pro-

cessing to obtain the state  of  the system, then learn via

combining the experts′ operation data, and interact with

the environment until a satisfying result is retrieved[41, 44, 45].

Another kind of RL-based approaches focus more on the

design  of  the  agent′s  action  space  and  value  function,

which could standardize the predicted operation and find

the optimal action under specific state[46, 47].

Moreover, deep learning methods integrating convolu-

tional neural networks (CNNs) and recurrent neural net-

works  (RNNs)  have  indicated  effectiveness  in  processing

multi-modal sensor inputs, such as vision and force feed-

back, enabling precise perception and control in complex

tasks[48–52]. These architectures are constructed to feature

extraction  and  temporal  modeling,  which  are  critical  for

understanding and manipulating deformable objects with

time-varying  properties.  One  of  these  methods  is  direct

end-to-end  modeling,  which  creates  a  mapping  from  ro-

bot  action  execution  to  acquired  image[48, 53].  Another

popular approach is to design a latent space, decrease the

system′s  feature  from  high  dimension  to  low  dimension

space, and then construct a system dynamics mapping in

such  space[54, 55].  Despite  their  potential,  data-driven  ap-

proaches  face  significant  limitations,  including  the  re-

quirement for large amounts of training data, limited ad-

aptability,  and  poor  generalization  to  new  environments

or  objectives.  However,  their  ability  to  describe  highly

nonlinear  and  high-dimensional  systems  provides  an  ex-

citing  possibility  for  future  advances  in  deformable  ob-

ject manipulation. 

3   Problem setup

The purpose of this study is to promote the develop-

ment of manipulator in the field of healthcare, especially

the manipulation of deformable objects utilizing artificial

intelligence  and  advanced  control  methods.  To  achieve

this  goal,  a  prototype  scenario  is  constructed  here.  The

details  are  illustrated  in Fig. 1,  there  is  a  manipulator

 

Movement

direction
Joint 1

Shower capPillowcase
Joint 2

Canvas bag Blanket

(a) (b) (c) (d)
 
Fig. 1     Schematic diagram of the experimental scenario. (a) Four deformable textiles used for the experiment with different properties:
a pillowcase, a shower cap, a canvas bag and a blanket, respectively. (b) The main body of the manipulator utilized for the experiment is
in the center, with two movable joints. (c) The robot flings the textile as presented in the diagram on the right, and the movement of the
manipulator changes the fabric′s end trajectory. (d) The lab UR5 robotic arm, which is not used in the real scenario experiments in this
paper in order to better validate the stability and robustness of the algorithm, and the proposed method′s deployment performance on a
much lower performance robotic arm. (Colored figures are available in the online version athttps://link.springer.com/journal/11633)
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capable of grasping a corner of deformable fabric (e.g., a

towel)  and  subsequently  propelling  the  diagonal  end  of

the  towel  through  a  specified  spatial  location  at  high

speed, which will be achieved via rational joint trajectory

design  and  dynamics  control.  In  contrast  to  rigid-body

manipulation, this process entails the control of a deform-

able  fabric  with  an estimated infinite  number  of  degrees

of freedom. The motion of the robotic arm induces fluctu-

ations,  local  strains  and  nonlinear  deformations  in  the

towel,  significantly  deviating  from  the  behavior  of  a

simple model of a rigid object.

17Nm

[0◦, 120◦]

[0◦, 90◦]

a = (J1, J2)

T = F(a)

F : R2 → R2×1 000

P ∗

D(T, P ∗)

In  order  to  validate  the  effectiveness  of  the  proposed

method,  a  robotic  arm assembled with robotic  joint  mo-

tors that are capable of delivering a maximum of 

is  utilized as the experimental subject.  In this paper,  in-

stead  of  applying  the  commercial  UR5  robotic  arm  as

shown in Fig. 1, the deployment is carried out on a much

lower  performance  robotic  arm  with  the  aim  of  better

testing the stability and robustness of the proposed meth-

od. The utilized manipulator has two movable joints, one

is  joint  1,  located  above  to  simulate  a  human  shoulder,

and the other one is joint 2, located below to mimic hu-

man  wrist.  The  movable  range  of  joint  1  is ,

while  joint  2  is .  Position  loop  of  the  actuator

motors  is  applied  for  control,  and  hence  robot′s  action

space  can  be  obtained  as .  In  addition,  four

textiles with different properties are used in this paper to

test  the  reliability  of  the  proposed  algorithm,  respect-

ively  pillowcase,  shower  cap,  blanket  and canvas  bag.  A

segment  of  the  deformable  textile  is  fixed  at  the  end  of

the  robotic  arm,  which  flings  the  textile  through  joint

movements and then applies a key point algorithm to ob-

tain  the  trajectory  of  the  diagonal  end  of  the

textile, in which  present the observed

mapping from action to trajectory space. The goal of the

task is to move the cloth′s end trajectory past a predeter-

mined  target  point .  The  error  distance  metric

 is  then retrieved by spline interpolation to ob-

tain the shortest distance of the trajectory from the tar-

get  point,  and the objective  of  this  problem is  described

as follows:

min D(T, P ∗) = T (t∗)− P
∗

t
∗ = arg min ∥F(a, t)− P

∗∥

s.t. J1 ∈ [0◦, 120◦], J2 ∈ [0◦, 90◦]. (1)
 

4   Approach

When people try to swing various fabrics, it is always

difficult  to  reach  a  satisfactory  trajectory  or  obtain  the

target position on the first attempt. However, once a per-

son has systematically tried and trained, he or she could

fling a given fabric to a specific position in a limited num-

ber  of  attempts.  Not  only  that,  even  when  the  type  of

fabric  changes,  they  could  achieve  the  goal  in  fewer  at-

tempts  via  relying  on  the  perception.  Gymnasts,  for  in-

stance, trained in dance ribbons, are capable of adapting

swiftly  through  their  perceptions  even  when  ribbons

change.

Conventional  methods  utilize  explicit  modeling,  re-

quire more detailed dynamics models, and their perform-

ance  is  closely  related  to  the  quality  of  the  linearization

method, while often relying on manual design or optimiz-

ation of the error-to-action mapping. Such methods have

a  wide  application  base  and  excellent  performance  in

tasks with adequate models and relatively stable environ-

mental  conditions.  Data-driven  methods,  on  the  other

hand,  use  end-to-end  learning,  do  not  rely  on  explicit

models,  learn system laws directly from data,  do not re-

quire linearization, and can automatically establish error-

to-action mappings. When dealing with complex and non-

linear  behaviors,  the  data-driven  approach  shows  better

adaptability, especially in the scene of manipulating flex-

ible objects, and is able to achieve a certain degree of ad-

aptive adjustment through interaction. The two types of

methods  have  their  own advantages,  but  for  the  nonlin-

ear  manipulation  task  of  flexible  objects  studied  in  this

paper,  the  data-driven  method  is  more  suitable  for  its

needs in practice.

Ti

i ai

ai i Ti

Ti

T̂i

A = {s,R, t}

P ∗

P̂ ∗

P̂ ∗

δa∗
i ai+1

P ∗

According  to  the  ability  to  perceive  deformable  ob-

jects, the IPP (as shown in Fig. 2) is proposed for manip-

ulating  different  kinds  of  deformable  objects  to  achieve

target  objective.  Assuming  as  the  trajectory  of  cloth

end while manipulator′s  times action is . After the ac-

tion  of  the  manipulator  at  times,  the  trajectory 

could be obtained. The current trajectory  and 0 delta

action,  as  inspired by [44],  are then input into the delta

perception  transformer  to  acquire  the  predicted  traject-

ory .  The  real  and  predicted  trajectories  will  be  util-

ized to obtain the parameters  of perception

transform,  and  target  point  is  transformed  into  the

perceptual  space  according  to  the  parameters.  Since

then,  the  delta  action space  is  sampled according to  the

normal distribution, and the distance metric between the

predicted  trajectories  and  target  point  in  the  perception

space  is  performed  via  delta  perception  transformer,

and  the  closest  distance  one  is  selected  as  the  optimal

delta action . Finally, a new round of action  will

be updated and move to the next iteration until the tar-

get point  is achieved or the iteration is stopped. Sec-

tions  4.1–4.4  illustrate  each  essential  part  of  the  pro-

posed algorithm. 

4.1   Delta perception transformer

Ti ai

δai

Delta perception transformer is a neural network with

an  encoder-decoder  architecture  with  transformer  as  the

backbone. Current trajectory , the action  perform to

generate the trajectory, and the delta action  is the in-

puts  of  delta  perception  transformer.  The  output  of  the

network is a predicted trajectory based on the above in-
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puts. During each iteration, the network is utilized to ob-

tain the parameters of perception transform, as well as to

generate  predicted  trajectories  with  random  sampling

delta actions. 

4.1.1   Trajectories and delta actions

x-z
Ti = {pji | j = 1, · · · , 1 000}

60Hz

[−1, 1]

[−1, 1]

The trajectory used in the proposed method is a two-

dimensional  set  of  points  located  in  the  plane  of

length 1 000, i.e., . Specifically,

while the manipulator is performing the action, the cam-

era will capture a total of 120 frames of images at a fre-

quency  of ,  and the  point  set  of  120  trajectories  is

acquired by the key target tracking algorithm (CoTrack-

er3[56]). Subsequently, the trajectory is extended to 1 000-

point  sets  via  bicubic  interpolation  method.  Finally,  the

acquired  pixel  trajectories  are  mapped  into  domain  of

.  In  the  simulation  environment, 1 000 simulation

steps  are  utilized  and  the  obtained  trajectories  are  also

mapped between .

In order to enable the neural network to acquire bet-

ai

[0, 1]

δai

0.023

ai

δai

ter results, the underlying action  space of both manip-

ulator joints is regularized to the  space. In addition,

to  the  delta  action  of  the  two joints  is  obtained via

sampling  two  Gaussian  distributions  with  mean  0  and

standard deviations of 0.035 and  respectively. After

acquiring the data needed for model input, the action 

and delta action  data will be concatenated and then

fed into delta perception transformer along with the tra-

jectory data. 

4.1.2   Network and loss
As  is  indicated  in Fig. 3,  the  delta  perception  trans-

former is a transformer-based architecture specifically de-

signed  to  predict  trajectory  increments  (delta  action)  in

sequences. Its input consists of information about the cur-

rent  trajectory  and  action  changes,  which  are  processed

through an input embedding and positional encoding lay-

er before being fed to the transformer encoder to extract

contextual  features.  The  encoder  output  is  then  passed

through a transformer decoder with a mask, which com-
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Fig. 2     The framework of iterative perception policy. In each iteration of the policy, the trajectory of the cloth end is obtained through
the camera and converted  into coordinate points  in  the   plane. The actual  trajectory  is  then predicted by  the delta perception
transformer, and the parameters of the perception transformer are calculated from these two different trajectories. After the target point
is transformed in perception, the optimal delta action is selected for the next iteration by random delta action sampling and combining
the transformer prediction results. (Colored figures are available in the online version at https://link.springer.com/journal/11633)
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Fig. 3     The  architecture  of delta perception  transformer,  a  transformer-based neural network  for predicting  trajectory  according  to
delta actions. (Colored figures are available in the online version at https://link.springer.com/journal/11633)
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bines  historical  information  and  encoder  memory  to

gradually generate a predicted sequence. Finally, through

a linear layer, the model outputs the next trajectory pre-

diction.  The  network  parameters  of  delta  perception

transformer  are  illustrated  in Table  1.  The  input  to  the

network consists of  two variables,  a trajectory of  dimen-

sion  (batch  size, 1 000,  2),  and  an  action  context  of  di-

mension  (batch  size,  4).  After  the  trajectory  is  input  to

the model, it will first go through a linear embedded lay-

er that maps it into a feature tensor with the dimension

(batch  size, 1 000,  128).  The  action  context  also  passes

through a linear embedding layer,  which is  extracted in-

to the feature space and subsequently concatenated with

the  trajectory  feature  tensor  after  being  expanded.  The

spliced tensor will feed into the positional encoding layer

and  then  into  the  transformer  encoder  layer  for  further

extraction of the encoded spatial  feature tensor.  The en-

coded  tensor  is  in  turn  decoded  by  the  transformer  de-

coder and then mapped back into the trajectory space by

a linear connection layer.

The network is trained using simulated data obtained

from MUJOCO[57] and the  mean squared errors  between

the  predicted  and  real  trajectory  as  well  as  smoothness

constraint are applied as the loss, which is formulated as

L =
1

BN

B∑

b=1

N∑

i=1

(p̂b,i − pb,i)
2

︸ ︷︷ ︸

MSE

+

λ
1

B(N − 1)

B∑

b=1

N∑

i=2

∥p̂b,i − p̂b,i−1∥

︸ ︷︷ ︸

Smoothness constraint

(2)

B λ

0.001 1× 10−6

where  represents the training batch size while  means

the weight of smoothness constraint. The AdamW[58] with

learning  rate  and  weight  decay  of  is

utilized  during  training  process  as  model  parameter

optimizer. 

4.2   Perception transform

Perception transform is  a  mapping method for  trans-

A = {s,R, t}

P ∗

P̂ ∗

forming  real  spatial  data  into  perceptual  space.  Consist-

ent  with  human  perception,  it  generates  a  set  of  trans-

formation parameters  by analyzing the cor-

relation between real and predicted trajectories, which in

turn maps the target points  into the perceptual space

.  Assume the  relationship  between real  and predicted

trajectories as follows:

p
nn
i = sRp

real
i + t, s ∈ R, R ∈ R

2×2
, t ∈ R

2 (3)

s R

t

where  is the scale factor,  means the rotation matrix

while  indicates the translation. In order to obtain these

transform  parameters,  the  pre-process  for  removing  the

influence of data difference is applied here as

p̂real = preal −
1

N

N∑

i=1

p
real
i

p̂nn = pnn −
1

N

N∑

i=1

p
nn
i . (4)

E(A)

An iterative  form  of  solving  for  these  transformation

parameters is utilized here, where a metric function 

is  constructed  here  to  evaluate  the  merits  of  these  vari-

ables:

E(A) =

N∑

i=1

∥
∥
∥p

nn
i − (sRp

real
i + t)

∥
∥
∥

2

(5)

Rand in each iteration, the rotation matrix  is found by

singular value decomposition:

UΛV T =

N∑

i=1

p̂
real
i (p̂nn

i )T

R = V U
T
. (6)

sThe scale factor  is calculated as
 

Table 1    The structure of delta perception transformer

Layers Input shape Output shape The number of parameters

Delta perception transformer [(1, 1 000, 2), (1, 4)] (1, 1 000, 2) 927 490

Trajectory embedded (1, 1 000, 2) (1, 1 000, 128) 384

Context embedded1 (1, 4) (1, 128) 640

Positional encoding (1 000, 1, 128) (1 000, 1, 128) –2

Transformer encoder (1 000, 1, 128) (1 000, 1, 128) 396 800

Transformer decoder (1 000, 1, 128) (1 000, 1, 128) 529 408

Output layer (1, 1 000, 128) (1, 1 000, 2) 258

1 The output of context embedded layer will be expanded as the same dimension with the output of trajectory embedded layer and then processed
for concatenating. 2 The non-parametric sinusoidal positional encoding method is utilized in this paper.
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s =

N∑

i=1

[p̂nn
i · (Rp̂

real
i )]

N∑

i=1

∥
∥
∥p̂

real
i

∥
∥
∥

2

. (7)

tThe translation  is obtained by

t =
1

N

N∑

i=1

p
nn
i − sR

1

N

N∑

i=1

p
real
i . (8)

P ∗

P̂ ∗

The evaluation function is calculated once at the end

of each iteration until the evaluation function value satis-

fies the condition, or the maximum number of iterations

is  reached  and  then  iteration  ends.  Subsequently,  target

point  in  real  space  will  be  mapped  into  perceptual

space :

P̂
∗ = sRP

∗ + t. (9)

The acquired target points in the perceptual space will

be involved in the selection of delta action, which is util-

ized to evaluate the benefits from different delta actions. 

4.3   Iterative delta action selection

a0

T0 a0

δa0 = 0

T̂0

A

P ∗

P̂ ∗

At the initial phase of the fabric flinging task, the ma-

nipulator first runs the task 5 times with randomized ac-

tions and the textile end trajectories under these actions

are recorded. After the target position is set, the distance

between  each  existing  trajectory  and  the  target  position

is measured by spline interpolation, and the action of the

closest trajectory is selected as the initial action . The

initial trajectory , the initial action , and the 0 delta

action  are  then  input  into  the  delta  perception

transformer  to  obtain  its  predicted  trajectory .

Thereby the parameters  of perception transform can be

retrieved  from  the  real  and  predicted  trajectories,  and

thus  the  target  position  in  the  real  space  will  be

mapped to the perception space .

[0, 1]

[0, 120◦] [0, 90◦]

δai,j

0.035

0.023

T̂i,j Di,j(T̂i,j , P̂
∗)

δa∗
i

argmin(Di,j)

ai+1 = ai + δa∗
i

In  addition,  the  actions  of  the  two  joints  in  manipu-

lator will be mapped into the interval  based on the

range of motion  of the first joint and  of

the second joint. The delta action  of the two joints

will  be  obtained  by  random  sampling  in  two  Gaussian

distributions  with  mean  0  and  standard  deviation 

and ,  respectively.  All  delta  actions  are  passed

through  the  delta  perception  transformer  to  retrieve  the

predicted trajectories , and the distance 

to  the  target  point  in  the  perception  space  is  calculated

for each trajectory. Then the delta action  correspond-

ing to the predicted trajectory with the shortest distance

 is  selected  as  the  action  input  increment,

and the action  of the robotic arm at the

next moment is calculated, which is described as

δa
∗
i = arg min

j

∥
∥
∥fnn(ai, δai,j)− P̂

∗
∥
∥
∥ =

arg min
j

∥fnn(ai, δai,j)− sRP
∗ − t∥ . (10)

d ≤ 0.02mIn  the  experiments,  this  paper  adopts  as

the policy termination condition, and the maximum num-

ber of iterations is limited to 20. The pseudo code is illus-

trated in Algorithm 1.

Algorithm 1. Iterative perception policy

P ∗Input: Target position 

a0 //1)   Initialize action  Section 4.3

t < tmax2)   while  do

Ti = experiment(ai)3)   　 

di = D(Ti, P
∗)4)   　 

di ≤ dstop5) 　   if  then

6) 　   　 Break

7)   　 end if

T̂i = transformer (Ti, ai,0)8) 　   
A = perception (T̂i, Ti) //9)   　  Section 4.2

P̂ ∗ = transform (A,P ∗) //10) 　  Section 4.2

δai,j = sampling () //11) 　  Section 4.3

T̂i,j = transformer (Ti, ai, δai,j)12) 　 

j∗ = argminj (D(T̂i,j , P̂
∗))13) 　 

ai+1 = ai + δa∗
i14) 　 

15) end while 

4.4   Training and system setup

[0, 120◦] [0, 90◦]

3002

3σ

0.035 0.023

0.8 0.2

In  order  to  retrieve  enough  training  data,  this  paper

builds a simulation environment in MUJOCO, which ap-

plies  Unitree  Z1  as  the  experimental  robotic  arm  and  a

square  deformable  cloth  as  the  flinging  object.  The  ma-

nipulator has two movable joints, where the motion range

of first joint is  while the second joint is .

The initial position of each joint is 0, and the flinging ac-

tion is performed via setting the target value of the posi-

tion loop. The specifics of the simulation environment are

indicated in Fig. 4, with a Unitree Z1 manipulator with a

piece of textile hanging from its end at the zero position.

In the initial situation, the textile is vertically downward,

and when the two joints of the arm move, the textile will

be thrown up, thus producing different trajectories at its

end.  During  data  collection,  the  movable  space  of  both

joints  was  divided  equally  into  300  grids,  and  a  total  of

 actions were collected and all the trajectories of the

fabric  were  recorded.  And  in  training  process,  each  tra-

jectory is randomly matched to 20 nearby trajectories in

a data pair, so hence 20 grid distances are set to , and

two  normal  distributions  of  joint  actions  with  standard

deviation  of  and  are  retrieved,  respectively.

The  ratios  of  the  training  and  test  sets  are  and 

each, and the test set is obtained via sampling the aver-

age interval in all the data area. 
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5   Experimental results

In  the  experimental  part,  this  paper  validates  and

compares  the  proposed  algorithms  through  simulation

and real environment experiments respectively. The simu-

lation  part  will  test  the  robustness  and  accuracy  of  the

proposed method through multiple points,  while the real

environment part will evaluate the adaptability and gen-

eralization ability of the method through deformable ob-

jects with different attributes.

To validate the effectiveness of the proposed method,

a  comparative  study was conducted with four  represent-

ative  controllers:  LQR[20],  SMC[29],  MPC[59] and

heuristic[60] method.  The  specific  parameter  settings  and

control law designs are shown in Table 2.  Since the sys-

tem included  in  this  scenario  is  nonlinear,  the  linearized

x d

e = [d, d]T

K

A B Q R

u = −K e

u0

system  function  is  used  here,  and  the  parameters  with

better results are selected for experiments based on mul-

tiple  attempts.  All  methods  share  the  same  input:  The

normalized joint angles  and the error distance , which

is  used  to  form  the  error  vector  (with  MPC

directly  taking  the  target  point  as  the  objective  state).

Based on these inputs, different control strategies are ap-

plied to generate the control input. In the LQR approach,

the controller computes the optimal feedback gain  by

solving the continuous algebraic riccati equation (CARE)

with matrices , ,  and , and then applies the con-

trol  law  to  update  the  state  using  the  linear

model.  In  contrast,  the  MPC  method  uses  a  finite-hori-

zon  prediction  model  and  formulates  a  quadratic  cost

function to optimize  the control  sequence,  of  which only

the  first  control  input  is  applied.  The  SMC strategy

 

z

x

Movement

direction

Joint 1

Joint 2

Fabric

 
Fig. 4     Schematic diagram of the simulation environment. The main characteristic of the simulation environment is a Unitree Z1 robot
located at zero point with a deformable  textile hanging  from  the end of  the  robot.  In  the  initial state of  the  robot arm,  the  textile  is
vertically downward, and as the two joints of the robot arm move, the textile is thrown with the force generated by the robot arm, so
that the end of the textile appears to have different trajectories. (Colored figures are available in the online version at https://link.springer.
com/journal/11633)

 

Table 2    The control law and parameter setting in each compared method

Methods Control law Parameters

LQR[20]
u = −K e, e = [d, d]

T
, K = R

−1
B

T
P,

A
T
P + PA− PBR

−1
B

T
P + Q = 0.

A =

(

1 0.1
0 1

)

, B =

(

0 0
0.15 0.15

)

,

Q = diag(1, 0.1), R = 0.01.

MPC[59]

xt+1 = Axt + B ut, J =

N−1
∑

t=0

[

(xt+1−

P
∗
)

T
Q(xt+1 − P

∗
) + u

T
t
Rut

]

.

A =

(

1 0.1
0 1

)

, B =

(

0 0
0.1 0.1

)

,

Q = diag(1, 0.1), R = 0.01, N = 10.

SMC[29]

e = [d, d]
T
, s = Qe,

η = ηmin + (ηmax − ηmin) (1− exp(−∥e∥)),

ueq = −B
†
(Ax), udis = −η sat(s/ϕ),

u = clip (ueq + udis,−1, 1) .

A =

(

1 0.05
0 1

)

, B =

(

0 0
0.02 0.02

)

,

Q = diag(1, 0.1), ηmin = 0.1, ηmax = 1.0.

Heuristic[60]

δ = (rand(2)− 0.5)× s,

xi+1 = xi + δ,

s← c × s.

Step size s = 0.5,

cooling rate c = 0.9.
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s = Qe

ueq = −B†(Ax)

maps the error to a sliding surface  and calculates

an adaptive sliding gain.  It  then combines an equivalent

control  with  a  discontinuous  control

component  to  form  the  final  control  input.  Finally,  the

heuristic method generates the current state via adding a

random offset to generate a candidate state. 

5.1   Simulation environment

In  the  simulation  section,  the  proposed  algorithm  is

firstly evaluated on multiple target points so as to verify

the  validity  and  reliability  of  the  algorithm,  and  then

compared  with  various  algorithms  to  highlight  the  ad-

vantages of the algorithm. 

5.1.1   Multi-target points validation
Target  points  located  in  four  directions  are  selected

for  the  experiment:  below  the  left,  above  the  left,  dir-

ectly above and to the right of the robot. The results of

the experiment are presented in Fig. 5.
The convergence graphs on the left indicate a consist-

ent reduction in the distance between the deformable ob-

ject′s  endpoint  trajectory  and  the  target  point  over  suc-

cessive iterations. In task 1, the initial distance is approx-

imately  15 cm.  The  method  exhibits  steady,  near-linear

convergence,  reaching close  to  0 cm after  9  iterations.  In

task 2, where the initial distance is around 20 cm, the dis-

tance  decreases  with  fluctuations  but  ultimately  con-

verges  to  under  5 cm  by  the  final  iteration.  Notably,  in

tasks 3 and 4, the method achieves superior convergence

performance.  Starting  at  20 cm  and  15 cm  respectively,

the  distance  drops  sharply  to  near  0 cm  within  the  first

3rd–5th  iterations,  demonstrating  rapid  convergence  and

computational  efficiency.  These  results  highlight  the

method′s  ability  to  consistently  minimize  error  distances

across  different  initial  conditions  while  maintaining  fast

and efficient convergence.

The visualization of iterative processes on the right re-

veals  the  progressive  refinement  of  the  deformable

object′s  endpoint  trajectory.  In  the  initial  iterations,  the

orange  trajectory  lines  show  significant  deviation  from
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Fig. 5     Multi-target points validation. The left side indicates the convergence plots of the error distances for different target points, and
it can be  found  that most of  the error distances converge  to near 0 cm after 10  iterations. On  the  right  side  is  the plot of  textile end
trajectories at different  iteration moments, at  first the trajectories are  far away  from the position of the target point, but after a  few
iterations, they all pass by or close to the target point. (Colored figures are available in the online version at https://link.springer.com/
journal/11633)
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the  target  point  (marked  by  the  green  cross).  This  re-

flects the limitations of the initial state control. As itera-

tions  progress,  the  endpoint  trajectory  gradually  aligns

with  the  target  point.  In  tasks  3  and  4,  the  endpoint

passes  through  or  very  close  to  the  target  point  by  the

3rd–5th  iterations,  with  smoother  and  more  stable  tra-

jectories  observed.  Even  in  the  cases  where  the  experi-

ment  terminates  without  reaching  the  exact  target

(marked “success”), the final errors are constrained to an

acceptable range of approximately 1–3 cm, demonstrating

high precision. These findings validate the method′s abil-

ity to iteratively optimize control inputs, achieving accur-

ate and smooth trajectory tracking for deformable object

manipulation. 

5.1.2   Algorithm comparison

In  order  to  validate  the  performance  advantage  of

IPP,  here  IPP  is  compared  with  other  four  commonly

utilized  advanced  algorithms  (LQR,  MPC,  SMC  and

heuristic),  and  again  multiple  target  points  are  selected

for the experiment, and the results are indicated in Fig. 6.
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Fig. 6     Comparison diagram of each algorithm – IPP(ours), LQR[20], SMC[29], MPC[59] and heuristic[60], in simulation environment. The
left side  illustrates the convergence of the error distance of the textile end trajectories from the target point under the control of each
algorithm, and it could be found that IPP is substantially ahead. The right side is the plot of the end trajectory at the last iteration, and
the  IPP algorithm  then mostly passes  the  target point at  the  end, while  the other algorithms have a  large gap.  (Colored  figures are
available in the online version at https://link.springer.com/journal/11633)
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The  convergence  graphs  on  the  left  clearly  demon-

strate that the IPP method achieves significantly swifter

and  more  effective  distance  error  reduction  compared  to

the  other  methods.  Across  all  experiments,  IPP  method

(orange): Starting from a relatively large initial distance,

the distance error decreases dramatically within the first

3–5 iterations, achieving near-zero errors by the final iter-

ation. This rapid convergence highlights the efficiency of

the  proposed  approach.  LQR  (green)  and  SMC  (blue):

Both  methods  exhibit  nearly  constant  distance  error

throughout the iterations, indicating limited performance

in  reducing  the  endpoint-target  distance.  MPC  method

(yellow): While showing some improvement in certain ex-

periments, MPC′s convergence is relatively slow, and the

final  distance  error  remains  notably  higher  than  that  of

the IPP method. Heuristic method (brown): The error re-

mains  almost  unchanged,  demonstrating  an  inability  to

optimize  the  deformable  object′s  behavior  effectively.

Overall,  the  IPP  method  consistently  outperforms  the

other  methods  in  both  error  reduction  and  convergence

speed,  underscoring  its  computational  efficiency  and  su-

perior optimization capabilities.

The  trajectory  visualizations  at  the  right  side  offer  a

clear  comparison  of  endpoint  trajectory  under  each  con-

trol method. The trajectories from IPP exhibit a smooth

and gradual convergence toward the target point. At the

final  iterations,  the  trajectories  either  pass  through  or

closely approach the target, indicating high precision and

effective  control.  The  trajectories  from  LQR,  SMC  and

MPC deviate significantly from the target point and fail

to present meaningful convergence. The paths remain in-

consistent,  with  notable  errors  persisting  throughout  the

iterations,  reflecting  the  limitations  of  these  methods  in

handling  complex  nonlinear  dynamics.  Heuristic  method

displays little to no improvement over the iterations, re-

maining far from the target. This result highlights the in-

effectiveness  of  heuristic  control  for  deformable  object

manipulation  tasks.  The  IPP  method′s  ability  to  iterat-

ively guide the endpoint toward the target demonstrates

its  superior  trajectory-control  performance,  particularly

when managing the nonlinear behavior of deformable ob-

jects. 

5.2   Real scene

In the real scenario experiments, four deformable tex-

tiles  with  different  properties  (pillowcase,  shower  cap,

blanket and canvas bag) are experimented and then com-

pared with other algorithms. 

5.2.1   Various textiles experiment

Four types of fabrics with different properties are util-

ized here to evaluate the performance of the proposed al-

gorithm in real scene. The results are illustrated in Fig. 7.
The convergence  graphs  indicate  consistent  and swift

error  reduction  across  different  deformable  objects,

demonstrating the method′s efficiency. For the pillowcase

and  shower  cap,  the  initial  error  exceeds  30 cm,  but  the

distance  reduces  sharply  within  the  first  3  iterations,

demonstrating highly efficient convergence.  Similarly,  for

the  blanket  and  canvas  bag,  despite  their  greater  initial

error  and  structural  complexity,  the  distance  decreases

steadily over the iterations. By iteration 3, the trajectory

successfully approaches the target, verifying the method′s
reliable  performance  across  different  materials  and  geo-

metries. Despite the presence of real-world factors such as

gravity,  friction  and  external  disturbances,  the  method

maintains consistent and reliable performance.  The error

distance  converges  to  the  target  across  all  objects  cases,

showcasing  the  system′s  ability  to  remain  robust  under

varying conditions.

The  visualizations  on  the  right  reveal  the  improve-

ment  of  trajectories  across  iterations,  explaining  the

method′s trajectory optimization capabilities. For the pil-

lowcase  and  shower  cap,  the  initial  trajectories  (orange

lines) exhibit noticeable deviations from the target (green

cross).  However,  as  iterations  progress,  the  trajectories

are iteratively improved, ultimately converging to the tar-

get  position.  In  the  case  of  the  blanket  and canvas  bag,

which  are  characterized  by  higher  stiffness  and  complex

deformations,  the  control  task  is  more  challenging.  Non-

etheless, the manipulator progressively adjusts the manip-

ulation  strategy,  resulting  in  trajectories  that  approach

the  target  with  a  high  degree  of  accuracy.  The  smooth

and continuous adjustments further confirm the method′s
effectiveness  in  handling  dynamic  deformations.  These

observations  confirm  the  method′s  ability  to  precisely

control  endpoint  trajectories  and  adapt  to  dynamic  and

uncertain real-world conditions. 

5.2.2   Algorithm comparison

n = 2500

q ∈ R
2n q̇ ∈ R

2n

M ∈ R
2n×2n C ∈ R

2n×2n

K ∈ R
2n×2n Bfull ∈ R

2n×2

Mq̈ + Cq̇+

Kq = Bfullu

Φ = [ϕ1, · · · , ϕr] ∈ R
2n×2,

ΦTMΦ = Ir

Mr, Cr,Kr Br

A B

Advanced  algorithms  (LQR[20],  SMC[29],  MPC[59] and

heuristic[60]) are also utilized here to validate the perform-

ance of the proposed IPP. The comparison results are in-

dicated  in Fig. 8.  In  addition,  this  paper  compares  order

reduction  LQR[61],  MPC[62] and  SMC[63] for  a  more  de-

tailed  performance  comparison  with  the  proposed  meth-

od.  The  specific  form  is  as  follows:  the  fabric  is  divided

into  50  grids  of  length  and  width,  totaling 

prime points. Then  and  are the location

and  speed  of  prime  points. , ,

,  are  mass  matrix,  damping

matrix,  stiffness  matrix,  and  input  matrix,  respectively.

Hence  the  dynamic  equation  is  described  as 

.  A  modal  decomposition  and  normaliza-

tion  approach  is  utilized, 

.  Then the matrix will  be projected into the

low-dimensional  space  and ,  and  the  sys-

tem state  and input matrix  in the low-dimensional

space can be obtained.

A =


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0 I
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Fig. 7     Diagram of the proposed algorithm′s performance on four different fabrics in real scene. The convergence plots on the left side
indicate that the proposed algorithm  is able to converge below 3 cm  in each textile task. The  iteration plot on the right side  indicates
that the trajectory of the textile is able to pass the target point after several rounds of IPP iterations. (Colored figures are available in
the online version at https://link.springer.com/journal/11633)
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Fig. 8     Comparison diagram of each algorithm – IPP(ours), LQR[20], SMC[29], MPC[59] and heuristic[60] in real scene. The convergence
figures on  the  left  indicate  that  IPP converges  swiftly and with  far better  results  than  the other algorithms. The  iterative  trajectory
diagram on the right side illustrates that IPP is capable of allowing trajectory to pass by or close to the target point after iterations even
when the initial position is away from the target point. (Colored figures are available in the online version at https://link.springer.com/
journal/11633)
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The convergence graphs on the left provide a clear il-

lustration  of  the  reduction  in  error  distance  over  itera-

tions.  The  IPP  method  demonstrates  superior  conver-

gence  performance,  with  the  initial  error  starting  over

25 cm and rapidly decreasing to below 5 cm within 3 itera-

tions. The error then stabilizes, maintaining precision for

the remaining of the iterations. In contrast, the LQR and

SMC  methods  present  little  reduction  in  distance  error,

with  their  curves  remaining  nearly  flat,  however  LQR

achieved better result in pillowcase experiment. Similarly,

the  MPC method  exhibits  a  slower  rate  of  convergence,

with errors reducing gradually but still remaining signific-

antly higher than those achieved by the IPP method. The

heuristic  method,  meanwhile,  shows  almost  no  improve-

ment,  indicating  a  failure  to  optimize  the  endpoint  tra-

jectory  effectively.  These  results  confirm  the  IPP

method′s efficiency in achieving rapid and consistent con-

vergence compared to the other control strategies.

The experiments also highlight the robustness and ad-

aptability of the proposed IPP method across diverse de-

formable objects and experimental conditions. Regardless

of  the  initial  state,  object  shape,  or  material  properties,

the  IPP  method  consistently  achieves  convergence  and

precise trajectory control. Its performance remains stable

even  in  the  presence  of  external  disturbances  such  as

gravity and friction, which are unavoidable in real-world

scenarios.  In  contrast,  the  alternative  methods,  particu-

larly LQR, SMC and MPC, struggle to adapt to the non-

linear  dynamics  and  environmental  uncertainties,  which

leads  to  suboptimal  performance.  The  heuristic  method

exhibits  the  greatest  limitations,  demonstrating poor  ad-

aptability  and  negligible  trajectory  optimization.  These

findings validate the IPP method′s strong robustness and

generalization  in  handling  deformable  object  manipula-

tion. 

5.3   Statistical analysis

In  order  to  verify  the  effectiveness  and  utility  of  the

proposed method, a total of 100 experiments were done in

experimental and real scenarios, and the specific statistic-

al results are shown in Table 3. Six metrics are utilized in

Table  3,  which  are  successful  rate,  average  iterations,

convergence speed per iteration, average distance conver-

gence,  average  error  distance  and  standard  deviation  of

error  distance.  Since  most  of  the  current  work  is  on  the

manipulation  of  2D  or  linear  deformable  objects,  and

there are fewer cases for 3D deformable object manipula-

tion,  in  this  paper,  the  neural  network  and  iterative

policy in the proposed method are also utilized as one of

the comparison methods.

From  the  results,  IPP  (this  paper)  consistently  out-

performs  all  baseline  methods  and  the  simple  version

without  the  perception  transform  (“this  paper  without

perception  transform”)  on  every  metric.  Notably, “this

paper” achieves  a  success  rate  of  78.57%,  considerably

higher  than the  simple  version  (55.36%) and far  exceed-

ing  all  other  baselines  (each  below  32%).  This  substan-

tial difference underscores the pivotal role of the percep-

tion transform in enhancing task success. In terms of av-

erage iterations, IPP converges in 5.13 iterations, which is

lower  than  both “this  paper  without  perception  trans-

form” (8.60) and the remaining baselines (all above 7.54).

This  efficiency  is  further  reflected  in  the  convergence

speed per iteration: At 2.22 cm, it indicates that each iter-

ation  under  IPP  reduces  the  error  distance  more  effect-

ively.  The  superior  convergence  behavior  is  also  evid-

enced by a lower average distance convergence (7.31 cm)

and a smaller final average error distance (3.88 cm) than

all  other  methods,  demonstrating  both  faster  and  more

accurate control. As reported in the bottom three rows of

Table  3,  incorporating  an  order  reduced  model  into  the

classical controllers does yield the modest gains over their

conventional  counterparts  (e.g.,  MPC′s  success  rate  rises

from 17.9% to  31.0%,  and LQR's  success  rate  rises  from

14.3%  to  27.6%),  and  their  average  iterations  change

slightly  (from  7.8–8.0  steps  to  7.1–8.7  steps).  However,

these order reduced schemes still fall far short of our pro-

posed  method′s  performance  78.6% success  rate,  just  5.1

iterations on average, 2.22 cm per step convergence speed.

 

Table 3    The statistic comparison of each algorithm in six metrics

Methods
Successful
rate (%)

Average
iterations

Convergence speed per
iteration (cm)

Average distance
convergence (cm)

Average error
distance (cm)

Std. error
distance (cm)

This paper 78.57 5.13 2.22 7.31 3.88 3.13

This paper without
perception transform 55.36 6.57 1.21 4.69 6.50 5.04

LQR[20] 14.29 8.00 0.53 2.10 9.09 4.52

MPC[59] 17.85 7.80 0.50 1.74 9.45 4.60

SMC[29] 28.57 7.54 0.61 2.53 8.66 4.24

Heuristic[60] 31.25 7.88 0.71 2.42 6.12 3.40

Order reduced LQR[61] 27.59 7.69 1.01 5.05 6.21 4.22

Order reduced MPC[62] 31.03 7.10 0.50 5.12 8.13 3.22

Order reduced SMC[63] 24.14 8.69 0.87 4.32 7.55 3.98
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This  gap  highlights  that,  although  modal  reduction  can

improve  classical  controllers  slightly,  our  end-to-end  ap-

proach delivers substantially higher reliability, faster con-

vergence, and greater robustness to parameter choices.

Moreover, IPP exhibits a relatively low standard devi-

ation  (3.13 cm)  in  the  final  error  distance,  indicating

stable and consistent performance across all trials. In con-

trast,  removing  the  perception  transform component  not

only reduces the success rate but also increases the num-

ber of required iterations and worsens the final accuracy.

These  findings  confirm  that  the  perception  transform

module is integral to the robustness and precision of IPP,

emphasizing its effectiveness in deformable object manip-

ulation. 

6   Conclusions

In this paper, an online IPP is proposed for the proto-

type application of deformable object manipulation in the

medical field. The proposed algorithm could achieve real-

time iterative control  of  deformable objects with a small

amount  of  neural  network  training.  The  proposed  al-

gorithm is  experimented  in  simulation  and  real  environ-

ments, and the experimental results indicate that IPP has

excellent performance in terms of convergence, adaptabil-

ity and robustness. The work in this paper also provides

some  research  basis  for  the  measurement  of  deformable

objects.  In  future  work,  IPP  will  be  extended  to  be  ap-

plied in 3D space,  while  the neural  network architecture

and  perceptual  transformation  component  will  be  im-

proved  to  employ  to  a  wider  range  of  scenarios.

Moreover, more practical scenarios will be applied to the

deployment and will  validate the stability and reliability

of IPP. 
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