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Deformation Configuration Estimation for Soft
Continuum Robot Utilizing Seq2Seq Learning
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Abstract—Inspired by biological tentacles, soft continuum
robots exhibit the potential for navigating through narrow spaces
and operating in complex environments, offering extensive appli-
cation possibilities. However, owing to their inherent compliance,
soft continuum robots may undergo unpredictable deformations
in complex environments, leading to alterations in the whole-body
configurations and diminished control precision. To address the
problem, this letter employs sequence-to-sequence (Seq2Seq) learn-
ing to estimate the deformation of a tendon-driven continuum robot
under multi-point contact. We also introduce a streamlined ap-
proach utilizing self-organizing mapping (SOM) to obtain ground
truth data for training purposes and design dynamic loss functions
for two-stage training, thereby facilitating neural network opti-
mization in terms of both speed and precision. Furthermore, a soft
continuum robot with two actively controlled degrees of freedom
made of silicone is fabricated to verify the performance of the
proposed method. The results show a shape estimation error of
2.94 mm (1.23% of the robot length).

Index Terms—Continuum robot, contact kinematics, neural
network, configuration estimation.

I. INTRODUCTION

HE research significance of soft continuum robots lies in
T their potential to bring revolutionary changes to industries
and medicine [1]. These robots, inspired by biological structures,
possess extraordinary flexibility and adaptability [2]. In the
industrial context, they can navigate confined spaces and per-
form tasks in complex environments, thus enhancing efficiency
and productivity. In medicine, they enhance minimally invasive
surgeries, providing precise manipulations and reducing patient
trauma [3], [4], [5]. Soft continuum robots also offer safety
benefits and assist in rehabilitation [6] and human-robot collab-
oration [7]. Overall, advancements in continuum robot research
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are expected to improve human work efficiency, accuracy, and
quality.

However, continuum robots often experience multiple un-
avoidable deformations due to their flexibility and environmen-
tal intricacies. Achieving high-precision manipulation of soft
continuum robots remains challenging. As the robot undergoes
unpredictable deformations and forces during contact with the
environment, its kinematic parameters need adaptive adjustment
for precise control.

Several modeling methods are currently used to describe the
interaction between soft continuum robots and the environment.

The first approach is finite element analysis (FEA) [8], which
utilizes discretization techniques to divide the robot and its
environment into small elements. Material properties, boundary
conditions, and contact forces are incorporated into the model,
allowing for accurate simulation of deformations and forces
during contact. Recently, SOFA, a simulation framework in soft
robotics, has received extensive attention, enabling the imple-
mentation of various control strategies for soft robots in complex
environments [9]. However, the substantial number of elements
generated by FEA presents challenges in balancing computa-
tional speed and accuracy, often even leading to convergence
issues. These limitations make it unsuitable for high-frequency
online control applications.

The second modeling method is the continuum model [10],
which employs mathematical equations to describe the behav-
ior of soft robots. Different constitutive models, such as neo-
Hookean [11] or Ogden models [12], are used to represent
the material properties of the robot. These models consider
the nonlinearity and time-varying behavior of soft materials,
enabling accurate prediction of deformations during contact.
Several works [13] based on the Cosserat rod theory have suc-
cessfully demonstrated the capability to simultaneously fulfill
both the stringent accuracy requirements for estimation and the
essential demands for computational efficiency. In addition, an
open-source toolbox known as SoRoSim [14] based on Cosserat
rod theory enables effective static and dynamic analyses of con-
tinuum robotics. However, these methodologies typically rely
on precise prior estimations of key parameters for continuum
robots, including Young’s modulus, moment of inertia, and shear
modulus.

The third method is data-driven modeling [15]. Techniques
such as neural network model have been explored to capture
the complex interactions between robots and their environment.
These methods utilize training data to learn the mapping between
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the robot’s inputs and deformations, enabling real-time predic-
tion and control. However, due to limitations of conventional
sensors (e.g., size constraints, limited flexibility), obtaining
high-quality training data for practical applications remains
challenging. Current data-driven solutions can be broadly cate-
gorized into three types:

e Force/torque sensor-based methods, such as [16], which
train networks based on mechanical models.

¢ Continuous shape—sensor—based methods, primarily rely-
ing on densely arranged FBG optical fibers [17], [18],
liquid metal sensors [19], tactile sensors [20], or magnetic
sensors [21] for robotic perception, with curve interpola-
tion used for global fitting [22].

e Pure vision-based approaches, where current work typi-
cally employs end-to-end networks to learn the relationship
between shape images and actuators [23], avoiding explicit
modeling or parameterization.

It should be noted, however, that above methods either rely
on fragile and costly continuous sensors (e.g., FBGs, liquid
metals, or magnetic sensors), restrictive force-based priors, or
unobstructed vision. These limitations hinder their applicabil-
ity in unstructured environments, and critical issues such as
robustness under occlusion, contact, and deformation remain
open for future investigation.Therefore, this letter explores a
marker-based configuration estimation algorithm for deforma-
tions of soft continuum robots in complex environments. The
main contributions include:

® A deformation model for soft continuum robots is pro-
posed. Drawing inspiration from machine translation, a
Seq2Seq neural network is employed to estimate the con-
figuration parameters of the robot under various deforma-
tion scenarios.

e A streamlined method for acquiring supervised data is
proposed, requiring only a depth camera. Special loss
functions and training strategies are devised to enhance
the convergence and precision of the neural network.

e A prototype of a high length-diameter ratio continuum
robot, measuring 240 mm in length and 4 mm in diameter,
is fabricated to validate the effectiveness of the proposed
methods under various configurations.

The article is organized as follows. In Section II, deformation
model and a learning-based configuration estimation algorithm
are proposed for the continuum robot in a complex environment.
In Section III, experiments are carried out to test the performance
of the proposed algorithm. Section IV briefly concludes and
discusses the main achievements of this work.

II. METHODS

The soft continuum robot studied in this letter mainly com-
prises light silicone material with a large length-to-diameter
ratio, which could be potentially applied in minimally invasive
surgery and industrial exploration.

When a soft continuum robot works in such a complex
environment, as shown in Fig. 1(a), it will come into contact
with surrounding obstacles and is passively bent to adapt to the
environment due to its inherent flexibility. To achieve accurate
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Fig. 1. Deformation model of soft continuum robot. (a) The robot makes
multi-point contact with the environment and deforms according to the PCC
assumption. Sparsely distributed red observation points are utilized to estimate
the configuration parameters online for control. (b) the enlarged deformation
illustration of the k-th arc with 4 tendons actuation.

control or motion prediction and further planning in the scenario,
the configuration parameters of the robot need to be estimated
and modeled. In this letter, the deformation of the robot is
mainly modeled based on the PCC assumption for computational
efficiency, which has been widely used in the continuum robotic
community and has proven its effectiveness. As for the complex
situation, the shape of every segment between two adjacent
contact points could be approximately fitted well by several
circular curves. Besides, in many continuum robot applications
where few twisting moments are applied, the linear strain and
torsional strain are negligible, while the primary attention is
given to the bending deformation of the robot [24].

A. Deformation Modeling

Fig. 1 shows the schematic diagram of the continuum robot
in the case of contact with the environment. The robot is
driven by four tendons parallel to the centerline at a radius of
d and separated by angles of 7/2. Under the circumstances
(the navy-blue spheres represent the complex environments,
which could be human tissues or other obstacles), the robot
is divided into a series of segments by the contact points, and
each segment could be fitted by several circular curves. The
reference frame {o0gxoyozo } is fixed on the catheter base while
{0k-1%k-1Yk—12K-1} represents the reference frame of the k-th
constant curvature segment. Configuration parameters 0, @y,
and [, respectively represent the bending angle, bending plane
angle and the length of the k-th constant curvature segment.

This letter intends to address the challenge of online defor-
mation estimation of contact between continuum robots and the
environment using learning-based methods, particularly in ade-
quately representing the geometric parameters that characterize
their shape when undergoing unknown deformations. Under the
assumption of PCC, the deformations of continuum robots fitted
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Fig. 2.

The workflow of the deformation estimation and the Seq2Seq neural network to estimate the robots’ deformation. The encoder takes the positions of

m + 1 sequentially arranged markers as input, while the decoder sequentially outputs parameters for n arc segments, forming a complete estimation of the robot’s
shape; the MLP layer reduces the dimension of the decoder’s output to the desired shape.

with multiple arc segments can be analyzed as follows [25].
When a robot comes into contact with its surrounding environ-
ment, it undergoes bending deformation, segmented into n arc
sections as illustrated in Fig. 1(a).

As shown in Fig. 1(b), the homogeneous coordi-
nate transformations between adjacent coordinate systems
{0k-1%k-1Yk-12K-1} and {opzryr2) } consist of a translation
along the z-axis and the rotation around the x and y axes
according to the respective angular velocity components. Hence,
we can represent it in exponential form as follows,
EflT _ e(Elk), (1)
where & = [0,0, 1, —ksin ¢y, £ cos g, 0T, Kk = 9—’” , represent
the twist coordinate associated with the rotation and translatlon.
" maps R in se(3), the Lie algebra of SE(3), to R*** for the
exponential mapping to SE(3).

Therefore, the homogeneous transformation matrix between
the reference frame {opzoyozo} and {o,z,ynz,} is as fol-
lows [26],

2

n
O _ k-1
oT=[[ 5T
k=1

B. Learning-Based Configuration Estimation

Based on the PCC assumption, when a robot comes into
contact with a complex environment, it can be described as
spatial arcs smoothly connected in a series. In order to estimate
the parameters that sufficiently define all the arcs using a finite
number of distributed position sensors, such as electromagnetic
(EM) tracking and camera markers, a learning-based configura-
tion estimation framework is proposed. Visual markers can be
utilized for robotic shape estimation under intraoperative X-ray
imaging, while the EM tracking system boasts a wide range of
application scenarios and can be utilized in various fields such
as surgical procedures and pipeline inspection.

Multi-Layer Perceptron (MLP) processes inputs simultane-
ously and disregards the physical connections between predicted
arcs, often causing training to fail. To address this, we need a
network capable of handling sequential data—one that explic-
itly models the relationship between input markers and output
arc parameters. We expect that the input consists of informa-
tion from sensors arranged equidistantly along the extension
direction of the robot, while the output, on the other hand,

comprises arc parameters, with each subsequent arc parameter
unfolding within the local coordinate system defined by the
preceding arc.

Therefore, a sequence-to-sequence network [27] is selected
for the arc parameter estimation task. A typical Seq2Seq network
comprises an encoder and a decoder. The encoder converts the
input sequence into a fixed-dimensional feature vector, which the
decoder uses to generate the output sequence. Notably, during
decoding, each step’s input is the previous step’s output, starting
with the encoder’s feature vector.

Fig. 2 illustrates the fundamental workflow of the proposed
deformation estimation algorithm and the architecture of the
employed neural network. The EM tracking system or depth
camera captures the positions of markers on the robot’s back-
bone, which are then input into the neural network to obtain
the arc parameters representing the robot’s shape. The orange
section represents the encoder, which takes the positional infor-
mation {2, 1, ... 2™} of m + 1 landmarks distributed along
the robot body as input. The blue section represents the de-
coder, which receives the context vector from the encoder and
recursively generates the output at each time step. Each time
step estimates an arc parameter, 6°. To transform the output
dimension to the dimension required to fully define a spatial arc
segment, a fully connected layer is added after each time step of
the decoder.

We have employed a multi-layer LSTM as the backbone of
the Seq2Seq encoder-decoder. Each individual LSTM cell, as
depicted by the dashed box in Fig. 2, addresses the issues of
gradient vanishing and exploding that commonly occur in long
sequence problems through the selective memory of the forget
gate and output gate [28]. As a result, it generally outperforms
traditional recurrent neural networks. The variables h; and ¢;
represent the hidden state and cell state of the LSTM cell,
respectively, which are responsible for capturing information
from distant to recent with a different emphasis. Consequently,
during the forward propagation, h; and ¢; are passed along the
direction of the arrows.

The output of the neural network consists of n vectors, each
with a dimension of 4, denoted as 6; = [L;, ©;, sin ¢;, cos ;],
representing the parameters of the i-th arc. However, it is
crucial to highlight that the arc length and bending plane
are not directly derived from the neural network’s output and
require special consideration. This is due to the following
reasons.
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1) Arc Length l;: A necessary condition for the estimated
arc length to be reasonable is that the predicted length should
be equal to the actual length of the robot, L. A normalization
operation is introduced at the output to ensure that the estimated
length always satisfies this condition. Therefore, the length of
each segment is calculated as follows:

L2L
I = —
> L
1=1

2) Bending Angle 0: The bending angle 6 of the robot ranges
from O to 27, corresponding to fully extended and bent states.
Thus, to estimate the value of # with a monotonically bounded
output, a Sigmoid activation function is applied after the corre-
sponding output neuron. It is important to note that the derivative
of the Sigmoid function approaches zero when the variable is
far from the origin. To prevent the variable from falling into this
range and causing slow convergence of gradient descent, batch
normalization is performed before the output layer. Therefore,
the bending angle is calculated as follows.

27

 14e®

3) Bending Plane ¢: The bending plane also ranges from 0
to 2. However, the robot can rotate continuously around the
z-axis, with a smooth transition at the boundary. This is a chal-
lenging situation for artificial neural networks to handle [29].
Treating it similarly to the bending angle # would result in a
discontinuity when ¢ changes from 27 to 0. To address this, two
separate neurons are used to output the sine and cosine values
of the bending plane, circumventing the discontinuity in such
circumstances. Therefore, the bending plane can be represented

as follows:
(p; = arctan 2 (Sm%) (5)
cos ©;

3)

0; “)

In this study, we employed an RGB-D camera to capture the
pose of m + 1 markers that are evenly distributed on the robot.

C. Data Acquisition

To ensure the effectiveness of a learning-based approach,
obtaining reliable training data is essential. For neural network
training, we use the positions of the markers on the continuum
robot as inputs to the network, and select sequentially arranged
scattered points along the robot’s extension direction to rep-
resent its overall shape. Specifically, we perform binarization
processing on the RGB-D images to separate the background
from the foreground of the continuum robot, thereby obtaining
the coordinates of all points belonging to the robot. While the
marker points differ in color from other parts, their coordinates
are obtained by extracting the distinct-colored regions directly
from the original RGB-D camera images.

However, the point cloud captured by the RGB-D camera
contains only pixel-level positional labels and does not ensure
that the points are distributed in an ordered manner along the
continuum robot. Theoretically, connecting these points in the
correct order should yield an accurate representation of the
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robot’s configuration without any topological errors. To accom-
plish this task, we decided to utilize the self-organizing mapping
(SOM), as proposed in [30], with slight modifications to be more
suitable for our specific requirements.

Letthe set S = {P; = (z;,;,2;) € R3,i=1,..., N} bethe
3D point cloud extracted from the robot skeleton in the space.
Let the set M be the set of collected points, which are referred to
as reference vectors (RVs) in the subsequent description, M =
{Q: = (wi,yi,2;) € R3i =1,...,k}. Generally, the initial &
RVs are randomly selected from set S, and their positions will
be updated during later iterations. Q.(P;) and Q. (P;) represent
the nearest and second nearest reference vectors to point P;,
respectively. For each @); in M, calculate the Euclidean distance
to all points in set S, forming the matrix A:

Apn = i [171.me = Qc(P)andQn = Qo (P3)

- 0,else

)

m<kn<k (6)

The element in the m-th row and n-th column of matrix M
represents the number of robot skeleton point clouds that are
nearest to (0, and second nearest to (J,, among all reference
vectors (); € M. If A,,,, # 0, it indicates that there are several
points between @.,, and @Q,,, while if A,,,, = 0, there are no
points between @,,, and @, inferring that @,,, and @,, should
not be adjacent. Therefore, matrix A provides a sequential order
for RVs. If the reference vectors are arranged in order along the
growth direction of the point cloud, A should be a sparse matrix
with a main diagonal of 0 and a bandwidth of 1. For RVs with
improper arrangements, the matrix A is a sparse matrix with
large bandwidth. To rearrange matrix A, we use sparse reverse
Cuthill-McKee ordering [31], which redistributes the non-zero
elements of the matrix closer to the main diagonal, resulting in
a bandwidth of 1.

After each sorting, it is necessary to update the positions of
the RVs to fit the robot’s skeleton. The update strategy is similar
to the k-means clustering algorithm [32]. In the ¢-th iteration,

find all point cloud sets Nl-(t) that are nearest to the reference
vector Qgt), and update the position of Qz(-t) in the next iteration

as the centroid of set Ni(t):

ot — 1
S
v (w55

(5,95, %) Q)

>

,zj)eth)

Repeat this process for multiple iterations until the reference
vectors are correctly sorted and accurately represent the robot’s
shape. This method can also be used not only to arrange the order
of RVs but also to sort the markers distributed on the robot’s body
in just one iteration.

D. Loss Functions

Training without absolute ground truth is a challenging task
when no accurate prior knowledge of the arc parameters is
provided. Nevertheless, we can still define custom optimization
objectives to improve the capability of our neural network with
the supervision of the ordered RVs set M.
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Fig. 3. Illustration of calculating two types of losses. (a) The non-uniformly
spaced RVs were obtained from the SOM, and the uniformly spaced EPs were
manually selected. (b) The local coordinate system of the estimated i-th arc. (c)
The aligned local coordinate system, where the blue dots represent the RVs. (d)
Calculate the distance between the j-th RV and the i-th arc by projecting the
point RV ; onto the plane of the arc and obtain the projection PV; and the angle
Or;. Ori < 0; indicates that the point RV ; belongs to this arc.

Inspired by the dynamic loss functions of neural networks,
which set up appropriate learning objects for different situations
of the networks [33], we adopt a staged training approach with
dynamic loss functions. In the first stage, we perform coarse
training to ensure that the predicted curve aligns with the actual
robot curve to a basic extent. In the second stage, we fine-tune
the network’s fitting capability.

1) Coarse Training Stage: Select equidistant points (EPs)
along the predicted robot curve to form a set E =
{S; = (xi,vi,2) € R® i =1...k}. The mean squared error
(MSE) is calculated between every element .S; in set E and
sorted (); in set S.

In addition, to prevent the problem from falling into a local
optimum, penalty terms should be added to the loss function.
To ensure all arcs serve their purpose requires avoiding overly
short arcs, keeping length variations moderate, and preventing
high curvature in segments. The overall optimization objective
is as follows:

k
w) =18 = Qil + M

i=1

where w are the parameters to be optimized in neural networks,
and A1, Ao are the weights of penalty term regarding the variance
of arc length and curvature, respectively.

2) Fine-Tune Stage: The RVs obtained through SOM are not
uniformly distributed or equally spaced, resulting in a misalign-
ment between S; and (); during the coarse training stage, as
illustrated in Fig. 3(a). Although the training process described
earlier has resulted in an initial fitting of the robot, additional
fine-tuning is necessary to rectify any remaining inaccuracies or
shortcomings.

As depicted in Fig. 3(b) and (c), the RV are projected onto the
local coordinate system of the corresponding arc. By comparing
the angles of 0; and 0 r; in Fig. 3(d), we can determine which arc
each RV belongs to. Fig. 3(c) illustrates that there are 4 points
falling within the ¢-th arc.

The distance between the j-th RV and its corresponding arc

i, denoted as dgj, is calculated as dr; = w/d(}gf + dp % This
distance is defined as the distance between the RVs and the
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Fig. 4. Experimental Setup. (a) The composition of the experimental system.
The system consists of a man-made experimental environment, an RGB-D
camera to capture the pose of the catheter and a soft continuum robot. (b) The
actuation system of the soft continuum robot. The actuation system consists of
four linear motors that pull four tendons for the robot control. (c) The fabrication
of the catheter. The catheter is made of PDMS (Polydimethylsiloxane) material
by the silicone molding process.

estimated robot, as illustrated in Fig. 3(d). Here, d% ; represents

the distance from the j-th RV to the bending plane, and d“

— PV;0;] is the shortest distance from the projection pomt
PV to the corresponding arc.

Therefore, the overall optimization objective is formulated as
follows:

(€))

k
=> dg;
j=1

III. RESULTS

A. Experimental Setup

To verify the performance of the proposed configuration
estimation algorithm, an experimental system was established,
as shown in Fig. 4(a). This experimental system employs an
aluminum profile framework, featuring multiple sets of wire
ropes affixed to the backplanes on both sides to simulate varied
environments. It is equipped with an RGB-D camera to capture
the pose of red markers attached to the continuum catheter and
dual LED lights for illuminating the experimental setup.

A soft continuum robot is designed and fabricated for the
experimental verification, including a silicone catheter and its
actuation system (Fig. 4 b). The actuation system consists of
four linear motors installed on the motor fixture, which are used
to pull four tendons routed by the tendon guide base. One end
of the tendon is connected to the catheter tip, and the other
end is connected to the linear motor through the tendon clamp.
The motor fixture is installed on the mounting housing that is
mounted on the aluminum profile frame. During experimenta-
tion, we actuate the linear motor to pull the tendon, causing the
continuum robot to bend and advance through steel cables at
various positions and quantities. In addition, the positions of the
steel cables can be modified by adjusting their fixed mounting
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Fig. 5. Visualization of neural network training process. (a) Error variation
during training. (b) The estimated configuration of different stages in the training
process. As the number of iterations increases, the estimated configuration
gradually approximates that of a real robot.

points on the supporting frame. Utilizing the friction between
the robot and the cables, we secured the robot in place, enabling
its body to assume diverse configurations.

The catheter is made of PDMS (Polydimethylsiloxane) using
a silicone molding process. The aluminum mold for the catheter
(Fig. 4(c)) is made with computer numerical control (CNC)
technology. The mold is formed by joining two fluted parts to
create a cylindrical groove, followed by closing an end cover
with holes for inserting fine pins. These pins create tendon
channels and an intermediate channel for holding a micro camera
or other tools.

The coordinate values of the input points are normalized and
fed into the Seq2Seq neural network which generates a set of n
spatial arc parameters. In this experiment, m = 4andn = 6. The
network parameters were subsequently optimized by different
losses based on distinct training stages, as mentioned in Section
II(D).

B. Training Process of Neural Network

Before training, the number of segments for the continuum
robot was predetermined through comprehensive environmen-
tal assessment, resulting in 6 segments. To improve the ac-
curacy of the configuration estimation algorithm, a variety of
circumstances are constructed to collect the data according to
the method described in Section II(C). The collected data is
randomly divided into training and testing sets in a 7:3 ratio. The
neural networks were trained in PyTorch using the Adam opti-
mizer with a learning rate of 0.0005. Training was performed on
a high-performance workstation with an Intel Core i7-13600KF
CPU and an NVIDIA GeForce RTX 4070 GPU. A dataset of 200
samples was randomly selected, and the network was trained for
about 3,000 epochs until convergence. Fig. 5(b) illustrates the
roles of loss functions in training and network performance.
Initially, random weight initialization caused significant errors,
resulting in n arcs that were curved at the base. The first loss
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Fig. 6.

Training loss and validation loss of the MLP and Seq2Seq networks

under the same reduced training set. The MLP network failed to meet the
threshold requirements during the coarse training phase, whereas the Seq2Seq
architecture demonstrated superior convergence characteristics.

Error (%)  S.D. (%)
CR 1.22 0.13
DR 4.16 1.23
CR 3.75 1.73
DR 7.42 1.75
CR 431 0.09
DR 2.83 7.50

(b

Fig. 7. Comparative results of the training process. (a) the grid search of
hyperparameters 11 and A2. (b) The performance of the network under different
strategies and variable representations.

function optimized these curves (Process i). After a plateau,
losses dropped rapidly, and the output curves approached the
actual data points (Process ii). Once the mean of several losses
fell below a threshold, the loss function was switched to the
fine-tune stage, minimizing distances between RVs and the
output curve (Process iii), enhancing shape estimation. Training
was stopped at convergence, with no significant testing error
increase, indicating no overfitting, as shown in Fig. 5(a).

On another reduced training set, we trained both the MLP
network and our Seq2Seq network using identical parameters.
As shown in Fig. 6, the training loss and the validation loss both
demonstrate that the Seq2Seq network achieves a faster decline
in loss, while the MLP network exhibits a slower decline and
converges to a local minimum.

C. Comparative Analyses

Several comparative analyses are conducted to prove the
effectiveness of various adjustments outlined in Section II.

Firstly, we determined two hyperparameters, A1 and Ao, of the
loss function ( (8)). Through grid search within a certain range
during the training process on the same dataset, the optimal hy-
perparameters are identified as A1 = 1, Ao = 4.2. As illustrated
in Fig. 7(a), regions with cooler tones represent smaller losses,
while warmer regions represent larger losses. This indirectly
corroborates that incorporating appropriate penalty terms can
enhance performance for this specific learning task. Secondly,
we compared the neural network’s performance under different
training strategies: step 1 only, step 2 only, and using both with
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Fig. 8. Verification and comparable results of the configuration estimation
method. (a) The fitting plots of the proposed method, MLP baseline and arc
interpolation for the reference points. (b) Error bar plot of proposed method,
MLP baseline and arc interpolation.

dynamic loss adjustment, as shown in Fig. 7(b). The former
improvement in the neural network training process is evident.
When trained with both steps, the network converges faster to the
least error, 1.22% of the robot length. The latter improvement
in network performance is reflected in the standard deviation
(S. D.) of errors during training and testing. DR poses issues
with larger S. D. at the boundary between 0 and 27 as CR does.
Instead, they can only adjust neuron outputs in the opposite
direction towards another limit, which can lead to output insta-
bility.

D. Verification Results of Configuration Estimation Algorithm

In order to test the proposed configuration estimation algo-
rithm, several different circumstances are constructed to verify
the accuracy, as shown in Fig. 8. These scenarios are generated
through random interactions, following the same generation
methodology as the dataset. The actual points of the catheter
(hollow circle as the RVs and solid red circle as the input)
and predicted configuration curve (orange solid curve) are also
plotted to show the accuracy. It can be seen that the dots are
basically distributed on the orange curve, indicating the high
precision of the configuration estimation.

To further evaluate the accuracy, the error metric is computed
as the mean positional deviation between RVs and the recon-
structed arcs based on the network’s output parameters. This
measurement approach aligns with the loss function implemen-
tation used in the fine-tuning phase. As shown and calculated in
Fig. 8(b), it can be seen that the errors of these circumstances
are mostly distributed within a range of about 5 mm. The mean
error of our method is 2.94 mm, about 1.23% of the length of
the robot (240 mm). The error distribution is relatively uniform,
with a variance of 2.16 mm, indicating that our method produces
stable errors, which facilitates further investigation into error
characteristics.
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Fig. 9. Setup and results of application with EM Tracker. (a) Experimental
setup, including a stomach model, a continuum robot, and an EM tracking
system. (b) Comparison between the output of the network and the ground truth
obtained from EM trackers.

To evaluate the effectiveness of our method, we compared
it with a PCC-based arc interpolation and an MLP baseline.
As shown in Fig. 8, PCC fits five input points with four arcs
constructed from adjacent points. Attempting to compute ad-
ditional arcs from the same reference points would introduce
multiple possible solutions that are difficult to resolve and may
not guarantee optimality. While reasonably accurate for simple
deformations, PCC performs poorly on complex configurations,
with a mean error of 4.10 mm and a standard deviation of
3.17 mm, both higher than our method’s 2.94 mm and 2.16 mm,
respectively. PCC curves must pass through reference points,
resulting in small errors at these points but large errors else-
where, leading to inaccurate overall shape estimation. The MLP
baseline trained to estimate PCC parameters achieved a mean
error of 6.00 mm with a standard deviation of 5.16 mm. This
likely reflects the limited representational capacity of MLPs,
resulting in larger errors and even underperforming simple PCC
arc interpolation.

E. Application With EM Tracker

To validate the effectiveness of our method in other scenarios,
we constructed an EM tracker system to conduct experiments
within a gastric model.

As shown in Fig. 9(a), the setup includes a human stom-
ach model and a continuum robot equipped with several EM
trackers. Fig. 9(b) presents the experimental results. It can be
observed that the ground truth points of the continuum robot are
distributed around the blue curve, with the error range consistent
with the results in Section III.D. The results demonstrate that our
method possesses generalization capabilities for transfer to other
scenarios such as surgical scenarios under non-line-of-sight
conditions using EM sensors.

IV. CONCLUSION

This letter utilizes Seq2Seq learning to obtain a deforma-
tion estimation for tendon-driven continuum robots deformed
in complex environments. Additionally, a streamlined method
based on SOM is proposed to acquire supervised data, and a
training approach with dynamic loss functions is employed to
address the training issues of the neural network. Moreover,
an experimental system was built to test the performance of
the proposed configuration estimation algorithm. The results
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show a shape estimation error of 2.94 mm (1.23% of the robot
length). And the parameterized shape prediction obtained by
our method can be readily integrated into state-of-the-art control
frameworks, such as model predictive control.

Our approach only requires the capture of markers along
the continuum robot’s backbone, significantly expanding its
potential application scenarios. The proposed method demon-
strates theoretical applicability to systems with a continuous
backbone structure, including but not limited to flexible endo-
scopes, guidewires, and catheters. Nevertheless, the integration
of additional sensors to enhance precision remains a crucial
research focus for future investigations.

It should be emphasized that the proposed algorithm is fun-
damentally based on the PCC assumption, which inherently
carries certain limitations [34]. Under significant environmental
interactions and contact forces, the PCC assumption rapidly
deteriorates. For instance, in recent tests with a soft manipulator
performing complex end-effector tasks, one module exhibited
severe deviation from the constant curvature assumption [35].
While our method demonstrates improved performance com-
pared to direct PCC computation, these limitations cannot be en-
tirely eliminated. The selection of markers significantly impacts
algorithm precision. Generally, in practical implementations,
the selection of markers’ quantity and position requires careful
trade-offs to balance environmental adaptability with training
complexity. Additionally, our current approach necessitates pre-
liminary environmental assessments to determine the number of
PCC segments.

While the design of our network allows for variable arc
segmentation through dynamic prediction length methods, this
capability requires larger datasets and remains a key focus for
future research. Furthermore, more research should consider
a wider range of complex environments, such as industrial
and medical scenarios, which require precise navigation and
manipulation.
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