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Abstract— Catheter-based interventions are widely used for
the diagnosis and treatment of cardiac diseases. Recently,
robotic catheters have attracted attention for their ability
to improve precision and stability over conventional manual
approaches. However, accurate modeling and control of soft
robotic catheters remain challenging due to their complex,
nonlinear behavior. The Koopman operator enables lifting the
original system data into a linear “lifted space”, offering a data-
driven framework for predictive control; however, manually
chosen basis functions in the lifted space often oversimplify
system behaviors and degrade control performance. To address
this, we propose a neural network-enhanced Koopman operator
framework that jointly learns the lifted space representation
and Koopman operator in an end-to-end manner. Moreover,
motivated by the need to minimize radiation exposure during
X-ray fluoroscopy in cardiac ablation, we investigate open-loop
control strategies using neural Koopman operators to reliably
reach target poses without continuous imaging feedback. The
proposed method is validated in two experimental scenarios:
interactive position control and a simulated cardiac ablation
task using an atrium-like cavity. Our approach achieves average
errors of 2.1+0.4 mm in position and 4.9+ 0.6° in orientation,
outperforming not only model-based baselines but also other
Koopman variants in targeting accuracy and efficiency. These
results highlight the potential of the proposed framework for
advancing soft robotic catheter systems and improving catheter-
based interventions.

I. INTRODUCTION

Cardiac catheter interventions, require precise navigation
through tortuous and fragile vasculature, making them highly
dependent on operator skill and manual dexterity. Robotic
catheter systems have emerged as a promising solution to
improve maneuverability, precision, and safety in delicate
cardiovascular environments [1]. One important application
of cardiac catheter interventions is to treat abnormal heart
rhythms caused by atrial fibrillation [2]. This procedure
requires the robotic catheter to precisely navigate and target
the lesion site [3]. The illustrative robotic catheter application
for atrium ablation is shown in Fig. 1(a).
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Fig. 1. Overview of soft robotic catheter applications for atrium ablation

and control framework. (a) Illustrative robotic catheter ablation for atrial
fibrillation. (b) Neural Koopman operator framework with model predictive
control method.

In clinical practice, catheter navigation is constrained by
limited and intermittent sensing. Imaging modalities such
as fluoroscopy provide sparse guidance and need to be
minimized due to radiation exposure risks [4]. Although
zero-fluoroscopy workflows have been demonstrated [5], [6],
continuous feedback remains difficult to obtain. As a result,
navigating a catheter through tortuous and fragile vasculature
without real-time imaging poses significant challenges for
maintaining motion accuracy and safety. Furthermore, em-
bedding dense sensors in soft robotic catheter is challenging
due to miniaturization and compliance requirements. These
sensing limitations motivate the development of open-loop
control strategies, where catheter motion must remain pre-
dictable and reliable without continuous feedback.

Achieving reliable performance requires accurate model-
ing and control of pneumatic soft robotic catheters (PSRCs),
which are inherently underactuated and highly nonlinear.
Traditional model-based approaches, including the piecewise
constant curvature (PCC) model [7], rely on simplifying
geometric assumptions that limit generalization to pneumatic
systems. Physics-based formulations such as the Cosserat
rod model [8] require accurate boundary conditions and
material parameters, making them sensitive to manufacturing
inconsistencies. Finite-element methods (FEMs) [9] capture
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rich dynamics but are computationally prohibitive for real-
time control.

Learning-based approaches provide an alternative when
analytical modeling is intractable [10]. Methods such as
learning the inverse kinematics [11], motion compensation
[12], or Jacobian estimation [13] have shown improved
accuracy. However, these approaches are difficult to integrate
with existing model-based control frameworks, limiting their
applicability in practice [14].

Recently, the Koopman operator has shown strong po-
tential for data-driven modeling and control of soft robots
by “lifting” the system dynamics into a higher-dimensional
space where the nonlinear evolution can be approximated
linearly [14]. EDMD-based approaches for concentric tube
robots follow a similar lifting principle for predictive control
[15]. However, the effectiveness of these methods strongly
depends on the choice of basis functions, which are often
manually designed and can limit robustness and generaliza-
tion [16]. Neural networks have been introduced to automate
the lifting process, with applications extending beyond soft
robotics [16], [17]. However, many existing frameworks
assume assume that the input affects the system linearly, re-
stricting their ability to capture complex nonlinear behaviors.
In parallel, purely neural dynamic models have been explored
for soft robot control [18], [19], where the network directly
approximates the nonlinear dynamics in the original state
space. Although expressive, do not introduce a structured
transformation of the dynamics into a higher-dimensional
linear representation, which may limit their interpretability
of the learned dynamics. Koopman—-neural network methods
have also been used for the spectral analysis of robot
dynamics [20]. However, this work focused on an externally
actuated robotic arm without providing a suitable way to
drive the PSRC to a target.

Despite recent progress, two key challenges remain in
Koopman-based PSRC modeling and control. First, lifting
functions are often designed manually, limiting the adapt-
ability to complex nonlinear behaviors. Second, achieving
accurate open-loop control is difficult in catheter-based ap-
plications, where target reaching must be reliable without
continuous feedback. To address these challenges, we pro-
pose a neural Koopman operator framework that models
the nonlinear behavior of the PSRC and enables open-loop
control via model predictive control (MPC) in the lifted
space (Fig. 1(b)). The framework jointly learns state and
input encoders, the Koopman operator, and corresponding
decoders from data. We validate the approach through model
prediction and two real-world experiments.

The main contributions are as follows: (1) We propose
a data-driven framework that integrates Koopman operator
theory and neural networks, preserving a linear structure in
the lifted space while capturing nonlinear PSRC behaviors.
(2) We integrate the framework with MPC to achieve ac-
curate open-loop control. (3) We evaluate both modeling
and control performance in position and pose regulation
tasks, including a clinically inspired scenario, demonstrating
improved accuracy and efficiency over baseline methods.

II. SYSTEM MODELING
A. Koopman Operator Background

In our problem setting, the PSRC is actuated by two inputs
u = [u1, ug)T, and the system state z = [x,y, 0]T represents
the tip position and orientation. To address the challenge of
modeling such nonlinear behavior, we adopt the Koopman
operator theory. The following summarizes the derivation of
the Koopman operator, which we will later extend in our
neural Koopman framework for PSRC modeling.

Consider a dynamical nonlinear system:

Tpy1 = F(xg, ug), (D

where z € R” is the system state, u € R™ as system
control input. The nonlinear system can be lifted to an
infinite-dimensional function space [21] in which the system
becomes linear, where the evolution of the system can be
characterized by the Koopman operator K:

p(rr1) = Ko(xr), 2

where ¢(xy) is the observable in the lifted space. Then we
define a set of observables:

o(xr) = [pr(zk) sy on(@r) )T, 3)

where ¢(z;) € RY. The components of p(zy) are basis
functions manually chosen in the lifted space. There are
several possible basis functions including, such as monomial
basis [14] and radial basis functions (RBF) [17]. Then,
considering the assumption that u is constant, the system
evolution in the lifted space can be represented as:

T
o) =4 8] [0, @)
k
where A and B are embedded in C with the form:

AnNxN Bnxm
K= .
|:Om><N :|

(&)

The best A and B matrices can be isolated after finding
the best IC by solving

Ime

K=GH, (6)
where
oo [som) sa(xK)r - [w:r) so(sc?ar
Uy UK ’ Uy UK
@)

and J;j is the evolution result of z; and wu;, K is the total
number of state measurements. We can define the projection
matrix C € RN which satisfies x341 = Co(zx11). By
sorting the order of the basis in (3), the C' can be represented
as:

C= [Onxn I7L><(N—n))] . 3

A more detailed derivation can be found in [22] and [14].
However, such a standard approach and approximation
offer limited prediction and control performance. In par-
ticular, choosing basis functions without prior knowledge,
especially for PSRC, may fail to capture essential behaviors.
These limitations motivate learning more flexible lifting
representations with neural Koopman operator frameworks.
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B. Neural Koopman Operator Framework

The neural Koopman operator framework employs a feed-
forward neural network (FNN) to construct a complete lifting
dictionary and a decoder to map the observables in the lifted
space back to the original states. In the context of our PSRC,
this framework takes the input pressures as control inputs,
and the robot tip pose or position as the system states.
The overall proposed framework is illustrated in Fig. 2.
According to equation (4), the system evolution in the lifted
space of the neural Koopman operator framework can be
represented as:

V(@rt1) = APL (2, wg) + B (wk, up,wy), (9

where ®(-,w) is a neural network parameterized with
weights w, y(zp1) € RN, @¢(xp,wf) € RY and
O (zg, up,ws,) € R™. The encoder network ®¢(xy,ws)
is designed to map the original state into the lifted space.
Instead of concatenating the original state with the encoder
output [23] to simplify the decoder mapping matrix, this
paper directly encodes the entire original state and introduces
a separate decoder network.

The next part of the framework is the input encoder
network ®¢ (xp, up,w?s). We first propose a version of this
structure that encodes both z; and wuj together to form
a nonlinear input neural Koopman (NINK). The second
version, called LINK, takes a linear input representation;
thus, the encoder network ®¢(xy,ur,ws) degrades to just
up. The system evolution of the LINK structure is then
expressed as:

Y(xpt1) = ADG (2, ws) + Bug. (10)

For simplicity, we use the notation u to denote the output
of the input encoder network in both NINK and LINK.

By training the entire network end-to-end, the proposed
structure enables joint training of the encoders and the system

The diagram of neural Koopman operator framework. The original state xj is lifted by encoder ®¢ éxk,
©) to construct the evolution in lifted space. Original state and input can be recovered by decoders %

&~ 0
O

B D (xy,, Ty, )

Ay (x;) + Biy

And the 4y is encoded by

szrl d) and ¢d(xk:7uk7 )

matrices A and B, ensuring the best approximation of the
system evolution.

Similarly, the decoder network ®%(vy(xy),w?) that maps
the lifted space v(xj) back to the original state x; should
satisfy:

zy, = PL(y(z), wd). (11)

Next, with the neural Koopman operator framework es-
tablished, we now describe the training procedure, which
consists of two main components: the encoder networks and
the decoder network.

The main objective of learning the encoder network is to
find a set of parameters (wg, w¢, A, B for NINK; w¢, A, B
for LINK) that minimize the prediction error by:

R
1 2112
L(w, A, B) = & ; Il = 5113 (12)
1 R
= 5 DA (@i, wf) — [A® (w1, w5) + B3,
i=1
(13)

where R denotes the prediction horizon, +; is encoded from
the " state x;, and #; is the predicted value based on the
previous state x;_; and control input ;.

After training the encoder network, the decoder network
is optimized by learning parameters w? that minimize the
reconstruction error, defined as:

ac RZH% leQ_RZ”x’ (i), g)”%

(14)

To further enhance long-horizon accuracy, an R-step loss

is adopted, which minimizes the multi-step prediction errors

rather than only the one-step error, thereby encouraging the
model to capture long term system evolutions [16].
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III. CONTROL STRATEGIES

In this section, we present two control strategies: a
Koopman-based MPC approach and a PSRC-specific PCC
Jacobian-based control approach. The latter is employed as
a baseline for comparison.

A. Model Predictive Control

After establishing the neural Koopman operator frame-
work, the control inputs can be optimized via a quadratic
loss function of a model-based controller. Specifically, the
MPC method makes use of the system model to predict the
future behavior of the controlled system and determines the
next step’s control action [24].

Algorithm 1 Neural Koopman MPC (Open-loop)

1: Input: Koopman matrices A, B, encoders ®¢, ®¢,
decoders ®Z ®¢ initial state g,

desired target x?es, control steps K,
cost matrices ), R, horizon R

2. for k=0,1,..., K —1do

3. Lifting: v(zy) = @5 (zg, wS)

4 Solve MPC to obtain {7} }1:"

5 Recover optimal input: uj = & (zy, 4}_)

6:  Predict next lifted state: y(xp41) via (9)

7 Recover next state: x4 via (11)

8:  Apply uj, to the PSRC

9: end for

Since the Koopman operator transforms the nonlinear
evolution into a linear lifted space, the optimal control
problem is formulated in this space with the control variable
®¢. The resulting MPC problem is expressed as:

min (7(zr) —(2§) T QU (xR) — 1(=f*)+
R—1
+ 3 (i) = (@) T QU () — (i) + d; " Ry
1=0
s.t. y(xip1) = Ax; + By, v(xg) = q);(xmwi)

i = B (DL (x4), ug, W), (15)

where Q@ € RY*N and R € R™*™ are positive semi
definite matrices, R is the prediction horizon. For NINK,
the MPC yields the optimal encoded input %}, which cannot
be directly applied to the PSRC. To obtain the executable
input, a decoder network is employed:

uf = (x4}, w). (16)

The open-loop procedure of the neural Koopman MPC
controller is summarized in Algorithm 1. We evaluate
four control methods: NINK + MPC (NNKM), LINK +
MPC (LNKM), Monomial basis Koopman operator + MPC
(MBKM), state space + MPC (SSM). The MBKM baseline
follows prior Koopman-based soft robot control studies [14],
adopting a monomial lifting strategy. The SSM baseline is
a linear state-space model identified directly in the original
state space, without lifting.

Fig. 3. Geometry assignment of the PCC model. (a) Single segment. (b)
Dual segment of the PSRC.

B. Piecewise Constant Curvature Control for PSRC

To establish a baseline model-based control method for
the PSRC, we adopt the widely used PCC assumption [7].
The PCC model enables an analytical representation of
the robot configuration, facilitating Jacobian-based control.
Fig. 3(a) shows the geometry of a single bending segment,
and accordingly, the tip position can be expressed as:

-] o
Y| | Hcos(l—0k)|’

k

where [; is the length of the segment. The rigid transforma-
tion from the base to the tip can be expressed differently for
a bending segment and a straight segment (see Fig. 3(b)),
respectively:

Tk 0
o7, = | B (O) L/k] ag) Ti=|" M (19)
0 1 0 1

Then, the overall transformation from the robot base to the
tip is given by:
T = STy’ T TP Th° T, (20)

The relationship between actuation space velocity and task
space velocity can be written as:
Oz 09,
b= Jq= =224,
09, dq

21

where 0} = [01, 02,11, 2] denotes the joint space parameters,
and q = [q1, ¢2] represents the actuation inputs [25]. In this
baseline model, we model the mappings from the actuation
space to the joint space 61 = fi(q1), 1 = fo(q1), 62 =
f3(g2), and ls = f4(g2) via second-order polynomial fitting.
In contrast to tendon-driven systems [7], pneumatic actuation
lacks an explicit analytical model, requiring empirical ap-
proximation. With these relations, a resolved rate controller
can be obtained [26]:

Aq = J'PAzges, (22)

where P is a symmetric positive definite matrix. To address
the redundancy of the system and avoid infinitely many
solutions, we adopt the damped least squares (DLS) pseudo-
inverse approach to get the optimized control input [27]:

argAmin(llJAq — PAzges|l3 + AllAql3),  (23)
q
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Fig. 4. Experimental setup. (a) CAD design of the PSRC. (b) Fabricated
PSRC indicating tip vector and base vector. (c) PSRC positioned inside an
atrium model, with an overhead camera view. Colored arrows represent two
bending directions and one translation direction. (d) Translation stage for
precise positioning. (e) Dual syringe pumps for pressure control of bending.

where )\ represents a positive damping constant. To serve
as a baseline model, the PSRC-specific PCC Jacobian-based
control is first tested offline; then, the resulting control
sequence is applied to the PSRC still in an open-loop manner.

1V. EXPERIMENTS AND RESULTS
A. Experimental Setup

In this work, a dual-segment steerable soft robotic catheter
was fabricated using additive manufacturing with hypere-
lastic material (Mars 3, Elegoo, China). The dual-channel
design and fabricated prototype are shown in Fig. 4(a)-(b).
The tip position and orientation are extracted from color
markers. Detailed design and characterization are reported
in [28]. As shown in Fig. 4(c), experiments were conducted
in a custom chamber with an overhead camera (Realsense,
Intel, USA) for marker tracking. A 3D-printed atrium-like
cavity with predefined pose targets was used for validation.
The robot’s steering motion is driven by a NEMA 17 stepper
motor (Rtelligent, China), while bending is actuated by two
motor-driven syringe pumps with pressure feedback from
sensors (MPRLS, Adafruit, USA). All actuators and sensors
are controlled via an Arduino Uno board(Arduino, Italy).

B. Data Collection and Model Identification

We construct a compact dataset of 2,586 input—output
samples, where the inputs are the two chamber pressures and
the outputs are the robotic tip state (2D position or pose). At
step k, each syringe chamber’s pressure target is generated
by a random increment or decrement relative to its previous
target:

Qk+1 = Q& + dkAQE 41, (24)

where d;, € {—1,1} indicates the direction of change, and
Agrr+1 € {0,1,...,10} kPa denotes the magnitude of
the pressure difference between consecutive targets. Both
di, and Agy p+1 are chosen randomly. The pressure targets
are tracked using motor-driven syringe pumps under PID
control with sensor feedback. To ensure that the commanded
pressure reaches its target within 1.5 s, the motor velocity
is scaled proportionally to Agy, x+1. The data collection was
divided into five trials, with 500, 500, 500, 500, and 586

99.73
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< 6542 ot @
§ 5268 85.41 7}
5 50 . 42 ’ P
3 Y o ¢
2 28:827.424f66 oh 244%5.16 2 _//4
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X Y Angle
NINK LINK Monomial basis I State space
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Fig. 5. Modeling performance evaluated by prediction accuracy and RMSE
across different models. The first row of the legend represents four models.
The second row represents RMSE across x and y positions and orientations.

samples, respectively. The robotic tip state is detected by the
camera at 2 Hz, and the data collection takes less than 6
minutes per trial.

For all four FNNs in the neural Koopman framework (®.,
D, Py, @;1), we used a batch size of 8, learning rate of
0.001, and a maximum of 200 epochs. The state encoder .
outputs a lifted state of dimension N = 30, with 2 hidden
layers of 128 neurons each, which is the same for the decoder
®,4. The input encoder ®,, and its inverse ®,; I poth have 2
hidden layers of 32 neurons each. Training was performed
in PyTorch on an NVIDIA GeForce RTX4070 Laptop GPU
and took 840.2 s. For comparison, the MBKM uses w =
2, yielding N = (n+m+w)!/((n+m)w!) = 35 basis
functions for 2D pose (m = 3) [14], selected to match the
neural Koopman lifted dimension (N = 30).

C. Modeling Performance Evaluation

In this experiment, four models are trained from the
collected data: NINK and LINK models with 30 lifted space
dimensions described in Section II-B; a monomial basis
Koopman operator model with degree w = 2; and a linear
state-space model [29] as a baseline. There are three input
states, indicating a 2D pose. Following the training phase, we
evaluate the models on unseen data. Two evaluation metrics
are defined as follows: Root Mean Square Error (RMSE):

N
1 .
RMSE = N E (xk — J,‘k)2,

k=1,2,...,.N, (25
k=1
Accuracy within threshold value (Acc):
N
Ace = 1; 1{|ap — ik <o}, k=1,2,..,N, (26)

where N = 500, %y, is the predicted value of the states, and o
is the threshold value selected as 5.00% of the states’ range.
The threshold was selected based on the practical positioning
tolerance observed in the experimental setup, following a
consistent selection principle across all experiments. Note
that all orientation angles are within (—90°,90°), which en-
sures that direct subtraction is valid without angle wrapping.

The modeling performance results are presented in Fig. 5.
Among the four models, the NINK model achieves the best
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TABLE I
RESULTS OF EXPERIMENT 1: EUCLIDEAN DISTANCE ERROR STATISTICS
(UNIT: MM). TWO ACCURACY VALUES ARE REPORTED WITH
THRESHOLDS 01 = 1.5 MM AND 02 = 3.5 MM.

Method AVG STD MAX  Acc(1.5) Acc(3.5)
NNKM 0.7 0.4 1.2 100.00%  100.00%
LNKM 2.0 0.9 3.1 50.00% 83.33%
MBKM 4.1 1.3 6.6 0.00% 16.67%
SSM 8.0 2.8 11.9 0.00% 0.00%

prediction performance across all three states in terms of both
Acc (x: 90.44%, y: 92.12%, angle: 99.73%) and RMSE (x:
0.6mm, y: 1.1mm, angle: 2.2mm). The LINK model ranks
second, benefiting from the FNN structure, which provides
a stronger capability to learn lifted-space representations
compared to the manually selected monomial basis in the
classical Koopman operator method. However, LINK is
limited by the assumption that the control input affects the
system linearly [30]. Under pressure-based actuation, this
assumption is violated, whereas the input encoder network
in NINK offers a more flexible representation of input
influence on the system. Notably, while LINK, the monomial
basis Koopman operator, and the linear state-space model
all exhibit poor accuracy in predicting the = position state,
NINK yields substantially better results. This discrepancy
arises because, compared with the y position, the = position
has a much narrower range in the 2D workspace, making it
more challenging to predict. A similar phenomenon has been
reported for the z position in 3D single-segment pneumatic
soft robots [30]. Finally, the linear state-space model suf-
fers from its linearity assumption, making it unsuitable for
modeling and control of pneumatically driven soft robots.
In the following sections, we evaluate the proposed mod-
eling and control framework through two tasks: interactive
position control and pose control in an atrium model.

D. Experiment 1: Interactive Position Control

In this experiment, we design a procedure in which the
user can interactively input a desired target position to move
the robot accordingly. The modeling and control state has
dimension 2, corresponding to the 2D tip position. Six target
positions are randomly selected within the workspace. For
each trial, after the robot reaches a stable state at time 7T,
the tip position is recorded by the overhead camera. The
measurement error was £0.3mm. After each target is tested,
the robot returns to its initial position, which is then recorded
by the camera. Note that all tasks are performed in an
open-loop scenario. To quantitatively analyze the interactive
position control results, we define three evaluation metrics
as follows: Average Euclidean Distance Error (AVG),

N
1
AVG = N;dk, k=1,2,..., N, (27)

TABLE II
RESULTS OF EXPERIMENT 2: OVERALL POSITION (UNIT: MM) AND
ORIENTATION (UNIT: DEG) ERRORS, AND AVERAGE TIME COST.

Method AVGpos STDpos AVGy; STD.;  Time(s)
NNKM 2.1 0.4 4.9 0.6 54.2
LNKM 4.0 0.7 8.0 1.4 58.9
MBKM 4.9 1.2 15.1 2.9 71.3
SSM 6.8 2.1 17.9 3.6 76.3
PCC 5.0 0.7 11.8 1.0 57.1
Euclidean Distance Standard Deviation (STD),
1
STD =, | + > (di —AVG)?, k=1,2,..,N, (28)
k=1
and Maximum Euclidean Distance Error (MAX),
MAX = max dg., 29)

=1,...,

where N = 6 for the six target positions in total, and dj
is the Euclidean distance between the target position and
the catheter tip position. For accuracy analysis, we define
the Euclidean distance threshold o = p, /72 + rf/, where 7,
and r, are the corresponding ranges in workspace, to better
illustrate the performance differences of models. Specifically,
we choose p;1 = 2.75%, ps = 5.00%, corresponding to
thresholds o; = 1.5 mm and o5 = 3.5 mm.

The results of the interactive position control experiment
are summarized in Table I. It can be seen that the NNKM
achieves the best overall performance, reaching all targets
within both accuracy thresholds. Fig. 6(a) shows snapshots of
all successful trials using the NNKM. LNKM demonstrates
moderate performance, benefiting from its neural network-
based state encoding, but its linear input assumption oc-
casionally leads to larger errors. In contrast, MBKM and
SSM perform significantly worse, reflecting the limitations
of manually selected basis functions and linear assumptions,
respectively. The poor modeling of these two methods also
leads to unstable MPC behavior, causing the robot tip to
oscillate and deviate from the target positions. Fig. 6(b)
shows snapshots of trials that did not meet the accuracy
criteria.

E. Experiment 2: Pose Control in an Atrium Model

For clinically inspired evaluation, we used a 3D-printed
atrium-like cavity with five triangular targets along the inner
wall (Fig. 6(c)-(d)). The length of the cavity (4.3 cm)
matches the dimensions of the right atrium reported [31],
and the entry channel (2.0 cm diameter) mimics the inferior
vena cava (IVC) [32]. The target position is defined as the
vertex in contact with the atrium wall, while the orientation
is determined by the angle between the midline through
this vertex and the world frame. The position error and
orientation error are defined as d,,, and 6., in Fig. 6(c).
Detection of the colored target triangles and the reference
circle is performed through contour extraction with OpenCV.
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Real-world experimental results. (a) Exp. 1: successful interactive position control examples using the NINK model. (b) Exp. 1: failed trial

examples using other models. (c) Exp. 2: definition of position and orientation errors. (d) Exp. 2: intermediate result at Target 2 before moving the linear
stage. (e) Exp. 2: Successful pose control examples. (f) Exp. 2: Distribution of position errors for each target. (g) Exp. 2: Distribution of angular errors for
each target. Abbreviations: Nonlinear Input Neural Koopman + MPC(NNKM); Linear Input Neural Koopman + MPC(LNKM); Monomial Basis Koopman
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The target lies initially outside the robot’s reachable
workspace. To reach it, the linear stage (see Fig. 4(d)) is
controlled to perform a steering-like adjustment in coordi-
nation with pressure control. In this experiment, the target
pose is first identified, and a corresponding pose within the
workspace is determined with an offset in the z direction.
Then, the robot is controlled first at this intermediate pose
as shown in Fig. 6(d) when trying to reach target 2. The
robot then compensates for this offset by applying a steering
motion defined as Az = x,, — x4, Where x,, is the reachable
x coordinate in the workspace and x4 is the desired target co-
ordinate. Some successful pose control examples are shown
in Fig. 6(e). In the pose targeting experiments, each target
was attempted eight times, with some trials starting from
different initial states under an open-loop control scheme.
The camera was used only to determine the initial states and
to record the error at the final stable state.

The results of the pose control experiment in the atrium
model are presented in Fig.6(f) and Fig.6(g). And the overall
errors are summarized in Table II. NNKM achieves the best
performance among all five control methods, with consis-
tently lower mean and standard deviation errors in both
position and orientation. Across all 40 trials covering the
five targets, NNKM yields an average error of 2.1 + 0.4mm
in position and 4.9 &£ 0.6° in orientation. LNKM exhibits
moderate performance degradation compared with NNKM,
with larger errors (4.0 £ 0.7 mm and 8.0 £ 1.4°) due to
the simplified linear input representation, which limits its
ability to capture complex actuation dynamics. In contrast,
MBKM and SSM show notably larger standard deviations,
particularly at targets 3, 4, and 5. Because of their weaker

modeling accuracy, it is difficult for the MPC to reliably
predict the robot’s motion and generate effective control
inputs.

Among baseline methods, although the PCC Jacobian
control exhibits larger mean errors than NNKM and LNKM,
it shows lower standard deviation than MBKM and SSM,
reflecting the inherent structural stability of the PCC for-
mulation and the use of a DLS pseudo-inverse to mitigate
solution redundancy. However, the PCC approach still suffers
from its assumption that each robot segment forms a perfect
arc. In practice, due to material properties and fabrication
imperfections, the robot experiences unintended stretching
and twisting during motion, leading to inaccuracies in this
model-based method. It is also worth noting that NNKM
achieves the best efficiency: on average, the time required
to reach the final stable state is 8% shorter than LNKM,
24% shorter than MBKM, 29% shorter than SSM, and 5%
shorter than PCC. This improvement highlights the potential
of NNKM for safer and more efficient future applications in
real surgical environments.

V. CONCLUSION AND FUTURE WORK

In this study, we developed a neural Koopman oper-
ator framework combined with model predictive control
to achieve accurate modeling and both position and pose
control of a pneumatic soft robotic catheter. By leveraging
Koopman operator theory, neural networks, and optimal
control strategies, the proposed approach enables accurate
state prediction and effective control in clinically inspired
environments. Experimental results demonstrate that our
framework outperforms existing methods in both modeling
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and control accuracy. To further assess applicability, we
will study the generalizability of NNKM across different
PSRC designs and evaluate the need for model retraining
over time. We also plan to extend the framework to full-
shape modeling and motion planning in constrained environ-
ments. A systematic comparison with fully nonlinear learned
dynamic models [18], [19] remains an important future
direction. In addition, catheter—tissue force estimation will be
incorporated as a constraint during navigation in biological
environments.These advancements will further improve the
control capability of PSRCs and ensure safer operations in
clinical procedures.
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