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Abstract— Control of soft robots is considered one of the
key elements in achieving their intelligence. However, it faces
challenging problems such as nonlinear dynamics, highly de-
formable structures, and operation in unpredictable situations.
Numerous methods have been proposed to overcome these
challenges, but most of them focus on controlling only a small
part of the soft robot’s body, such as the end effector. Whole-
body shape control is a problem that has not yet been fully
explored, but it is critical for tasks that require whole-body
path planning to navigate in confined or crowded spaces. In
this study, we developed a convolutional neural network (CNN)-
based approach for controlling the robot’s whole-body shape.
The key novelty of our approach is that it learns a purely image-
driven CNN control policy with online adaptive capability. Our
approach has three main components: (1) training an offline
shape policy to offer basic actions, (2) building a shape model
and updating it online to maintain accuracy, (3) conducting
Bayesian optimization based on the basic action and shape
model to obtain optimal performance. The presented approach
is validated on a soft robotic arm and experimental results
demonstrate that the soft arm can be controlled to achieve
target shapes and adapt to different previously unknown situ-
ations. Meanwhile, our approach achieved better shape control
performance than the state-of-the-art method. Overall, this
work presents a feasible learning-based approach to the whole-
body shape control problem and contributes to the development
of soft robot intelligence from the control perspective.

Index Terms— Modeling, Control, and Learning for Soft
Robots, Shape Control

I. INTRODUCTION

Soft robots are characterized by their soft materials and
compliant structures, which allow them to deform continu-
ously and conform to unstructured spaces [1]. These char-
acteristics make soft robots ideal for applications requiring
safe and precise interactions, such as rehabilitation [2], [3],
in-vivo drug delivery [4], minimally invasive surgery [5]. De-
spite their advantages, controlling soft robots is a significant
challenge due to their high degrees of freedom, nonlinear
dynamics, and susceptibility to external disturbances [6]. In
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Fig. 1: The general idea and functionalities of our whole-
body shape control approach. (a) Offline training is con-
ducted on a soft robotic arm’s default configuration. (b) The
control policy drives the soft robotic arm to match the target
shape and is optimized online to improve performance. (c)
The soft robotic arm can be controlled to achieve different
target shapes and adapt to previously unknown situations
such as additional loads on the robot’s tip and body, and
random external disturbances.

the last decade, a number of control strategies have been
developed to overcome these challenges [7], [8]. However,
most existing control methods focus on specific parts of a soft
robot, such as the end-effector or individual segments, while
neglecting the control of the whole-body shape [9], [10].
This partial approach limits the potential of soft robots to
fully leverage their unique deformability and versatility. The
control of whole-body shape, which is crucial for coordinated
and adaptive interactions with the environment, has not yet
been thoroughly investigated.

Whole-body shape control holds significant promise for
enhancing the capabilities of soft robots. This capability
allows soft robots to navigate complex scenarios, manip-
ulate objects with greater dexterity, and maintain robust
performance across diverse applications. However, control-
ling the whole-body shape presents significant challenges
because soft robots typically have infinitely many degrees of
freedom due to their continuous and deformable structures.
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Fig. 2: Control diagram. A self-defined target shape is
provided for the offline trained policy. Then the policy
outputs a basic action. The basic action is further optimized
to acquire better performance. Afterwards, the optimal action
and robot shape are collected to refine the model. The process
continues until the robot achieves the target shape.

This makes their configuration space extremely large and
difficult to model or control using conventional techniques.
Researchers in [11] proposed a visual servoing shape control
method for a soft robot manipulator using Bézier curve
features. Another study in [12] presented a learning-based
shape controller using long-short-term-memory (LSTM) neu-
ral network. These studies focused on controlling the shape
of the robot’s backbone curve or contour not the entire
body. On the other hand, a study in [13] used koopman
operator to control the shape of soft robots, but it was
tested in simulation only. Researchers in [14] developed a
convolutional neural network (CNN) based inverse kinematic
shape controller, but it was tested in static situations where
no changes were made to the robot.

In this study, we developed an image-driven policy to
control the whole-body shape of soft robots and the policy
can be optimized online to adapt to preciously unknown
situations, as shown in Fig.1. Our approach is built on three
key components to ensure effective and adaptive whole-body
shape control: (1) developing an offline shape policy that pro-
vides basic actions for online optimization to start with, (2)
employing model-based Bayesian optimization to iteratively
refine and obtain optimal actions for specific target shapes
and situations, and (3) continuously updating the shape
model in real-time to preserve accuracy and account for
uncertain changes in the robot’s configuration. The control
diagram is shown in Fig.2. Major contributions of this study
include: (1) developing an adaptive shape control policy that
enables the soft robot to achieve target shapes in unknown
situations; (2) presenting an image-based modeling technique
that can output the high dimensional shape information; (3)
investigating online learning and optimization methods to
improve control and modeling accuracy.

II. METHOD

This section explains the principle of our approach which
includes the control policy, shape model, and online opti-
mization, as elaborated in the following subsections.

A. Control Policy

The control policy is designed to learn a mapping from
the robot shape to the action, which is:

aaat = πππ(ssst+1, ssst) (1)

Fig. 3: Image processing. The original image is captured
by a camera and cropped into the region of interest. Then
the cropped image is converted to gray scale and binarized
by Otsu thresholding.The binary image is downsampled and
filled to get the final shape representation.

where ssst is the robot shape at time instance t, ssst+1 is the
robot shape at the next time instance, aaat is the robot action
at time instance t, πππ is the mapping function. The robot
shape is represented as an image and the image processing
is shown in Fig.3. The original image is finally converted into
a binary image after operations such as cropping, grayscale,
downsampling and filling. Using the image as the input, the
control policy is built on a convolutional neural network
(CNN) architecture and outputs the action, as shown in
Fig.4. Offline data can be collected by performing random
actions on the soft robotic arm, which include shape images
SSST = [sss1, sss2, · · · , sssT ] and corresponding actions AAAT =
[aaa1, aaa2, · · · , aaaT ]. The policy is trained by minimizing the
behavior cloning loss function, which is:

Lpolicy =

T−1∑
t=1

∥πππ(ssst+1, ssst)− aaat∥2 (2)

where ∥∥2 is the Euclidean norm. As suggested by the
study [14], training data were split into 10% and 90% for
training and testing, respectively. The CNN architecture was
designed by incrementally adding convolutional layers with
Rectified Linear Unit (ReLU) activation functions until the
loss function value on the testing data reached a plateau. In
this work, 100 data samples were collected and the network
was trained for 200 epochs using the Adam optimizer with
a learning rate of 0.01. The training process was performed
in Python using TensorFlow package.

B. Shape Model

The shape model aims to predict the shape information
based on the current shape and action, which is:

ssst+1 =M(ssst, IaIaIat) (3)

where IaIaIat is the action image. IaIaIat is obtained by repeatedly
copying the action vector aaat into a 2-D image array which
has the same size as the shape image. This allows easy
concatenation of the shape image and action as the network

21170



Fig. 4: Control policy architecture. The CNN-based controller takes the shape image as input and outputs the action. The
policy contains 3 convolutional layers with ReLU activation functions and followed by a fully-connected network.

inputs. Similar to the design principle of the above control
policy, the shape model is also constructed as a CNN
architecture but with different inputs and outputs, as shown
in Fig.6. The model is trained on the same offline data as the
control policy, minimizing the shape prediction loss function:

Lmodel =

T−1∑
t=1

∥M(ssst, IaIaIat)− ssst+1∥F (4)

where ∥∥F is the Frobenius norm. Moreover, the shape model
will be updated online to keep accuracy. As suggested in
the study [15], updating the last layer of the neural network
can achieve good performance with minimal time. Thus, we
update the last layer parameters by gradient descent using
online data:

θθθM ← θθθM − α
∂Lmodel(ssst:t+H , aaat:t+H)

∂θθθM
(5)

where θθθM is the last layer parameters, α is the online
update rate (0.001 in this study), and H is the update data
length counting from the latest data (10 in this study). The
shape model is used for the following model-based online
optimization.

C. Online Optimization

The objective of online optimization is to acquire optimal
actions for the robot to cope with previously unknown
situations. Bayesian optimization is one of the most efficient
approaches to find optimum values of an objective function
with a minimal number of function evaluations required [16].
The objective function is defined as:

g = ∥sss∗t −M(ssst, IaIaIat)∥F (6)

where sss∗t is the target shape and M is the above-mentioned
shape model. The offline control policy offers a basic action
aaat (aaat = πππ(sss∗t , ssst)) that can be a good starting point for
online optimization. Based on the shape model, we generate
virtual actions VVV = [vvv1, vvv2, · · · , vvvT ] and corresponding ob-
jective function values GGG = [g1, g2, · · · , gT ]. All the virtual
actions are within the range [0.5aaat, 1.5aaat]. Then a surrogate
function f , represented as a Gaussian process regression,

Fig. 5: The general idea of Bayesian optimization. Objective
function values are generated by applying virtual actions
to the shape model. Then the surrogate function captures
the relationship between the objective function values and
actions. Finally, the acquisition function proposes the next
action close to the optimal value.

describes the relationship between the virtual actions and
objective function values, which is:

f(vvv) ∼ GP(µ(vvv), σ2(vvv))

µ(vvv) = kkkTKKK−1GGG σ2(vvv) = k(vvv,vvv)− kkkTKKK−1kkk
(7)

where k is a squared exponential kernel, kkk is kernel vector
(kkki = k(vvv,vvvi)) and KKK is the kernel matrix (KKKij = k(vvvi, vvvj)).
The Gaussian process function f can be learned by evidence
maximization [17].

Based on the surrogate function, an acquisition function is
designed to guide the search for the optimum. We can select
a control action that has a high probability near optimum
by maximizing the acquisition function. Here, expected im-
provement (EI) is utilized as our acquisition function because
EI balances the amount of improvement and the probability
of improvement [18]. The expression of EI is given by:

EI(vvv) =

∫ ∞

g∗
(f(vvv)− g∗)N

(
µ(vvv), σ2(vvv)

)
df(vvv)

= (µ(vvv)− g∗)Φ(
µ(vvv)− g∗

σ(vvv)
) + σ(vvv)ϕ(

µ(vvv)− g∗

σ(vvv)
)

(8)
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Fig. 6: Shape model architecture. The model takes the shape image and action as input and outputs the predicted shape
information. The action image IaIaIat is obtained by repeatedly copying the action vector aaat into a 2-D image array which
has the same size as the shape image ssst. The policy contains 3 convolutional layers with ReLU activation functions and
followed by a fully-connected network. The network output is resized to be the same size of shape image.

Algorithm 1 Whole-body shape control of soft robots

1: Initialize:Perform T random actions on the soft robotic
arm and record shape images SSST and corresponding
actions AAAT .

2: Offline training the control policy (sec. II A) and the
shape model (sec. II B)

3: repeat
4: Give a target shape sss∗t .
5: Generate a basic action by the equation (1).
6: Optimize the action online by equations (sec. II C).
7: Apply the optimized action and record data.
8: Update the shape model online by the equation (5).
9: until Desired performance achieved

where g∗ is the currently observed best value, Φ is normal
cumulative function, and ϕ is normal density function.

The complete control workflow is shown in Algorithm 1.
We first collect offline data by performing random actions
on the soft robotic arm. Then we train the control policy
and shape model. In the online situation, we provide a
target shape for the control policy to generate a basic action.
Next the basic action is optimized by model-based Bayesian
optimization method. The optimized action is executed on the
robot and online data is recorded to update the shape model.
This process continues until the target shape is achieved.

III. EXPERIMENTS

This section presents a experimental validation of the
proposed control approach, using a soft robotic arm devel-
oped at Sant’Anna School of Advanced Studies [19]. The
experimental setup is shown in Fig.7. The soft robotic arm
is composed of two segments and each segment was driven
by three cables. Each cable was controlled by a motor (HS-
785HB Hitech Sail Winch Motor) and there were a total of
six motors for the soft arm. A layer-by-layer plastic disk
structure is inserted along the actuator length to constrain
undesirable lateral and torsional movements. The distance
between two consecutive layers is 10mm. The soft arm has
a diameter of 60mm, a length of 375mm, and a weight of
220g. A camera (RealSense D435) was used to detect the
soft arm’s shape and sent the shape image to a computer.

Fig. 7: Experimental setup. The soft robotic arm was driven
by 6 cables and each cable was controlled by a motor. A
camera detected the robot’s shape and sent the shape image to
the computer. The computer executed the control algorithm
and sent action signals to the motors.

The computer processed the image information, executed the
control algorithm, and sent the action signal to the motors.

In the offline situation, we performed random actions on
the soft robotic arm and collected 100 data samples including
shape images and corresponding actions. The offline data
were used to train the control policy and shape model. In the
online situation, a target shape was given by hand-drawing a
shape in a background canvas, as shown in Fig.8. We used a
similar method to the study [14], where a background canvas
was loaded into the Microsoft paint software and a target
shape was created using the line tool. Its image size was
then adjusted to be the same as the robot shape image.

We tested our approach in three different online situations
which were previously unknown to the offline training, as
shown in Fig.9. The three situations include: (1) we put a
100g load on the robot’s tip to affect its tip motions. The
additional tip load was almost half the robot’s self-weight
(220g) and had uncertain swaying during robot motions. (2)
we attached a 50g load to both segments of the soft arm.
The load position was randomly selected to cause uncertain
body weight distribution. (3) A fan was put alongside the soft
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(a) Background canvas (b) Draw a target shape

Fig. 8: Hand-drawn target shape. (a) A background canvas
was loaded into the Microsoft paint software. (b) A target
shape was created using the line tool.

(a) Load on the tip (b) Load on the body (c) Wind disturbance

Fig. 9: Online tested three situations which are unknown to
the offline training. (a) Place a 100g load was put on the soft
arm’s tip. (b) Place a 50g load on each segment of the soft
arm. (c) External wind causes motion disturbances.

arm. The fan speed (FS) can be adjusted to generate different
wind disturbances. Meanwhile, we compared our approach
with the deep visual inverse kinematic method presented in
the study [14]. All the test conditions, including the offline
data and hardware setup, were the same for our approach
and the inverse kinematic method to have a fair comparison.
The shape matching accuracy is defined as the follows:

accuracy = 1−
∑I

i=1

∑J
j=1 |SSS∗

ij −SSSij |
I ∗ J

(9)

where SSS∗
ij and SSSij are the pixel value of the binarized target

shape image and robot shape image, respectively. I and J
are the image width and height, respectively.

The experimental results are shown in Fig.10-12, where
various target shapes were created. These target shapes were
not observed in the offline data, which indicated that our
control policy can be generalized to shapes outside of the
training set. The whole-body shape of the soft robotic arm
can be controlled by our approach to achieve target shapes
in previously unknown situations with high accuracy (larger
than 90%). In contrast, the inverse kinematic method showed
inferior performance and had limited ability to adapt to
online unknown situations. Table I lists the shape matching
accuracy. We can see that the best accuracy of our approach
is 0.98 while the inverse kinematic is 0.91. The worst

Fig. 10: Shape control performance when placing an extra
100g load on the tip of the soft robotic arm.

Fig. 11: Shape control performance when placing extra 50g
loads on each segment of the soft robotic arm.

accuracy of our approach is 0.94 while the inverse kinematic
is 0.67. The average performance over all the target shapes
of our approach is 0.96±0.02 while the inverse kinematic is
0.82±0.07. This comparison shows our approach can achieve
better performance than the inverse kinematic method. A
supplementary video is also provided to show the real-time
shape control performance.

The inverse kinematic method was only trained offline
without online adaptation and thus limited its performance
in unknown situations. Our approach adopted an online
optimization strategy to acquire better actions than the offline
policy. To make the online optimization efficient, we used the
latest online data to update only the last layer parameter of
the shape model. Meanwhile, we employed the offline policy
to provide a good starting point and reduced searching range
for the online optimization. Therefore, the soft robotic arm
can adapt to unknown situations by our approach.

IV. CONCLUSION

In this work we developed a whole-body shape control
approach for a soft robotic arm to achieve target shapes in
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TABLE I: Shape control accuracy comparison

S1 S2 S3 S4 S5 S6 S7 S8 S9 average performance

Our approach 0.96 0.98 0.95 0.95 0.98 0.96 0.97 0.98 0.94 0.96±0.02
Inverse kinematic 0.91 0.84 0.86 0.8 0.85 0.86 0.76 0.67 0.89 0.82±0.07

The average performance is the mean and standard deviation of all the 9 shapes (from S1 to S9).

Fig. 12: Shape control performance when the soft robotic
arm experienced unknown disturbances caused by different
wind speeds. FS: fan speed. rpm: revolutions per minute.

previously unknown situations. This approach consisted of
three key components that included a convolutional neural
network (CNN)-based control policy, an image-based shape
model, and a model-based online optimization technique.
The CNN-based control policy was trained offline, provid-
ing basic actions and reducing the search range for the
online optimization. The shape model can output the high-
dimensional shape information and was updated online to
maintain accuracy. Based on the trained policy and shape
model, Bayesian optimization was employed to acquire opti-
mal actions. Experiments on a soft robotic arm showed that
our approach can control the soft arm to achieve different
shapes with high accuracy and adapt to various unknown
situations. Meanwhile, comparisons with another state-of-
the-art shape control method showed that our approach had
better performance and adaptive capability.

In our future work, we will extend the approach from 2D
image to 3D morphology by incorporating point cloud data
such as in the study [20]. Controlling the 3D whole shape
needs to solve the computational complexity and deal with
uncertainties of point cloud data. Moreover, we will general-
ize the approach to other soft robots and control larger shape
deformations than the existing soft arm. Overall, this work
presents a feasible whole-body shape control approach for
soft robots, allowing online adaptation to unknown situations.
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