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Abstract
Concentric tube continuum robots are a promising type of robot for vari-
ous medical applications. Their application in neurosurgery poses challenging
requirements for design and control that can be addressed by physics-informed
data-based approaches. A prerequisite to data-based modeling is an informative,
rich data set. However, limited access to experimental data raises interest in par-
tially or entirely synthetic data sets. In this contribution, we study the application
of generative adversarial networks (GANs) for data augmentation in a data-based
design process of such robots. We propose a GAN framework suitable for curve-
fitting to generate synthetic trajectories of robots along with their corresponding
control parameters. Our evaluation shows that the GANs can efficiently produce
meaningful synthetic trajectories and control parameter pairs that show a good
agreement with simulated trajectories.

1 INTRODUCTION

Continuum robots are a class of robots without any presence of joints, whose movement is achieved by continuous defor-
mation of the robot’s backbone. There are different types of continuum robots; however, concentric tube continuum robots
(CTCRs) are seen as a well-suited robotic principle for accessing targets hidden by obstacles on a slender pathway [1].
For this, CTCRs combine a set of precurved and hollow tubes with ascending diameters nested into each other. By rota-
tional as well as translational actuation at each tube’s base, the robot’s backbone pose is established throughout the tubes’
elastostatic bending interaction, as can be seen in Figure 1.
In particular, CTCRs have been proposed as steerable surgical needles to access deep-sited medical targets with min-

imum damage to surrounding tissue through keyhole body openings [1–3]. For achieving high target precision, the
combined planning problem of design and actuation has to be carried out, that is, determining geometrical parameters
of the tubes as well as actuation parameters for translation and rotation by avoiding given obstacles [4, 5]. Therefore, the
planning’s overall accuracy heavily relies on the accuracy of the used physical model. While several publications focus
on increasing model coverage [6, 7], the downside is a further increased modeling effort with many phenomenological
parameters to be measured or identified and a potential to overfit these models. Hence, learning-based approaches for
modeling CTCRs are seen as promising [8].
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F IGURE 1 Left: movement principle of a two-tube CTCR with the inner tube performing a rotation by 180◦. Right: exemplary manually
controlled, two-tube actuation system for stereotactic neurosurgery research.

To learn the relation between CTCR parameters and the resulting backbone shape, a densely sampled and valid data
set of accurate measurements is needed. However, manufacturing of hundreds of CTCR variants for a densely sampled
parameter space is too time-consuming. Therefore, this paper aims at augmenting loosely sampled CTCR data with the
application of generative adversarial networks (GANs), to fill the missing gaps in the experimental data.

1.1 Concentric tube continuum robots

The CTCR backbone shape follows from forces acting between the concentrically arranged tubes and the elastostatic reac-
tion to them toward an equilibrium state. These forces mainly arise from bending as well as torsion, because shear and
tension can be neglected for slender mechanical rods as a good approximation [9]. The combined torsional and bending
problem already exposes ambiguity regarding the results, that is, that one set of actuation variables can lead to differ-
ent backbone shapes with respect to actuation history [10]. Such models are computationally efficient and are seen as a
modeling baseline [2], but exhibit position errors of up to 10% of their actuated length in high-torsion or high-bending
configurations, which is considered too high for neurosurgical plannings [3].
Actuation system cyclic tests indicate that tube clearances, as well as friction forces, have a significant influence on

the resulting backbone shape [3, 6, 7]. Furthermore, nickel–titanium, the material oftentimes used for the tubes, exhibits
nonlinear and hysteretic stress–strain behavior [7]. Such effects have been implemented into separate physicallymotivated
CTCR models; however, an integration of all of these effects into one simulation model would be challenging due to
complexity, parameter identification, and computation effort, especially for usage in path planning.
Instead of using highly phenomenological models with large amounts of parameters to be identified, another approach

is to apply machine learning methods directly as a simulation or control technique. For the simulation problem, several
works estimate the tip’s pose or the entire CTCR shape in dependency of the actuation parameters [11–13]. The problem
of path planning or control is addressed by the inverse relation with similar methods [12, 14–16]. Such approaches rely
on a densely sampled and valid data set of high measurement accuracy, which is time-consuming to establish [17]. For
that reason, some authors stick with learning other physical models [14–16]. Kuntz et al. are using a combination of mea-
surements and simulation data [13]. Measurements are typically carried out by photogrammetry [3, 7, 9], electromagnetic
tracking systems [11, 17], or fiber optical systems [18], whereas only photogrammetry is able to measure the backbone
instead of just the tip.

1.2 Data augmentation methods

Neural networks have shown great results throughout a large variety of fields including image classification [19, 20],
natural language processing [21], and data-driven modeling [22, 23]. However, these networks often suffer the problem of
overfitting, an effect where the network memorizes the training data without generalizing well for inputs that were not
part of the training data. This effect can be detected via a split of the data into training, validation, and test data, each
containing exclusively differing data.

 16177061, 2023, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/pam

m
.202300278 by Saarländische U

niversitäts- U
nd L

andesbibliothek Sulb, W
iley O

nline L
ibrary on [15/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



HOFFMANN et al. 3 of 7

While there aremany approaches to reduce overfitting (early-stopping, regularization, dropout, etc.), the problem arises
from the insufficient variance of the training data and the high number of parameters these models feature. Thus, data
augmentation methods are employed to synthetically enlarge the data sets by introducing variations of the known data.
For images, for example, translation and rotation of objects can be introduced as the transformed object is typically still
from the same category.
In addition to these geometrical variations, generativemodels likeGANs, variational autoencoders (VAEs), or denoising

diffusion probabilistic models (DDPMs) can be used to generate artificial data, similar but different to the data from the
original data set while maintaining crucial features. The survey by Shorten et al. [24] gives a thorough summary of data
augmentation methods for images, which can be more or less directly applied to our use case.

1.3 Contributions and outline

This work demonstrates the applicability of GANs for augmenting positional backbone data of CTCRs to enrich these
data sets. In the following Section 2, generative adversarial models are introduced. Section 3 describes the data generation
process and the physical model used for generating the training data. Section 4 presents the results of using GANs for
generating artificial cannula data. Section 5 summarizes the work and gives an overview over future work.

2 GENERATIVE ADVERSARIAL NETWORKS

GANs are an approach to generative modeling using deep learning methods. They are a class of algorithms that can
generate artificial data from sampled latent vectors, dimensional latent space, or from a given condition set. They possess
the ability to generate a new multidimensional tensor space that can aptly represent the underlying data distribution of
the problem domain forming a compressed representation of the data distribution. The GAN framework typically consists
of two deep networks, namely, a generator and a discriminator. These two neural networks compete with each other in a
min-max game or a zero-sum game, where one network’s gain is the other network’s loss. The loss function of the GAN
is expressed by

min
G

max
D

𝑉(𝐺,𝐷) = 𝐸x[log(𝐷(𝑥))] + 𝐸z[log(1 − 𝐷(𝐺(𝑧)))]. (1)

Here, 𝐺 represents the generator, 𝐷 represents the discriminator, 𝐷(𝑥) represents the output of real input, 𝐸𝑥 is the target
or actual output over all the real data instances, and 𝐺(𝑧) is the output generated by the generator with given noise 𝑧. The
output of the discriminator for a generated input for a sample 𝑧 is denoted by𝐷(𝐺(𝑧)) and 𝐸𝑧 is the expected value over all
random inputs to the generator. Usually, the networks are designed with one discriminator and one generator but there
are frameworks with multiple discriminators and generators per framework proposed in the literature. A lot of generator
and discriminator architectures have been developed since their inception. GANs have beenwidely used in large language
models [25, 26], image segmentation, deep fakes and upscaling [27–29], and disease diagnosis [19, 20].
In this study, we use amultilayer perceptron-based generator and discriminator architecture. The general framework of

the proposed architecture is shown in Figure 2. Due to the nature of the losses and the adversarial process, it is difficult to
assess the training of the GAN and this makes them notoriously hard to train, even for classification tasks. Given that we
employ the framework for curve fitting, it exponentially increases this difficulty. Hence, to reduce the training effort, we
implement an autoencoder network to shrink the dimensionality of the data to a latent space of dimensionality 6, making
it comparatively easier for the GAN to train.

3 DATA GENERATION

It is hard to predict the amount of data, and, correspondingly, its diversity, which is necessary for training a neural network.
To estimate the required amount ofmeasurements with real cannula configurations, we perform a simulation-based study
here. Simulation data allow to sample the parameter space arbitrarily fine, and thus, to estimate lower limits for the
amount of data. Another advantage of this methodology is the possibility of comparing generative adversarial network
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F IGURE 2 Framework of the GAN in this work.

(GAN) results with the corresponding simulation, which is not possible if arbitrary tube configurations are generated by
the GAN. We also restrict our problem to two-tube CTCRs as a starting point. Eventually, our goal is to use the models
trained in this scope on low-fidelity simulation data and refine them using real-world data.

3.1 Simulation model

To obtain the simulation data, we implemented the CTCR model from Rucker [9]. This model describes the tubes’ back-
bones as Frenet–Serret formulas and assumes an elastostatic equilibrium due to bending and torsion between these tubes,
which leads to a boundary value problem (BVP) for the torsional angles. While there are more accurate CTCR models
available, it can be seen as a good starting point for the scope of this paper with respect to calculation time.
For the implementation, we have chosen an object-oriented approach inside the Python programming language to keep

track of the different variables andmethods for each tube and theCTCR, respectively. The central BVP is solved via a shoot-
ing approach.1 Other solvers or methods have found to be less stable or less efficient.2 After solving the boundary value
problem, the final CTCR backbone shape is determined by integration of the Frenet–Serret formulas using an explitcit
Runge–Kutta method3 with reinitializations at every tube’s ending accounting for discontinuities.
The resulting simulation result is heavily relying on the initial guess for the torsional component inside the BVP due

to the ambiguity of the CTCR itself [10] when it comes to torsion. Depending on the initial guesses, either no result at all
or multiple results can be found. The torsional ambiguity also depends on the kinematic history of the CTCR, because
small actuations usually result in small backbone changes, as long as no snapping occurs. Taking this into account, for
the two-tube CTCRs considered here, we apply a relative rotation between the tubes with gradually incrementing relative
angle Δ𝛼 = 0,… ,±𝜋, while taking the last solution as initial guess for the next solution. After that, common rotations of
both tubes 𝛼1 and 𝛼2 can be calculated by just performing this rotation on the backbone shape result, because only the
actuation angle difference Δ𝛼 leads to different results for the BVP.

3.2 Screening of control input and design space

In this work, we focus on generating data for one cannula configuration shown in Table 1. The rotations𝛼𝑖 and translations
𝛽𝑖 are sampled in 16 steps between [−𝜋, 𝜋) and [−𝐿𝑖, 0], respectively. To save simulation time, CTCR simulations were
performed on anAMDRyzen Threadripper PRO 5965WXCPUwith 48 parallel worker processes, which, on average, takes
1 s of calculation time per variant. Since the solutions corresponding to (𝛼1, 𝛼2) and (−𝛼1, −𝛼2) are mirror symmetric in
three-dimensional space,we can obtain the solutions corresponding to𝛼2 ∈ [−𝜋, 0] by transforming the existing solutions.
For training, 40 000 of these 65 536 data points were randomly selected and split between 40% training, 40% validation,
and 20% test data.

1 scipy.optimize.root() with solver hybr as outer root search.
2We tested applicable solvers from scipy.optimize.root() as well as scipy.integrate.solve_bvp().
3 scipy.integrate.solve_ivp() with solver RK45.
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HOFFMANN et al. 5 of 7

TABLE 1 Cannula configuration with tube parameters used for data generation.

𝒅𝐨 in mm 𝒅𝐢 in mm 𝑳 in mm 𝑬 in GPa 𝝂 𝒖∗ in 𝟏∕𝐦
Outer diameter Inner diameter Tube length Young’s modulus Poisson’s ratio Precurvature

Tube 1 1.524 1.296 336 58 0.3448 [0, 25, 0]

Tube 2 2.32 1.88 142 58 0.3448 [0, 11.11, 0]
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F IGURE 3 Plots depicting the synthetic trajectory obtained from GANs versus simulated trajectory for the corresponding control
parameters obtained for the GAN.

4 NUMERICAL PROCEDURE AND EVALUATION

4.1 Details on hyperparameters for learning

The simulations and neural network training were done in Python. The autoencoder was trained using Pytorch and the
GAN training was realized in Tensorflow. The autoencoder’s encoder and decoder consist of five hidden layers with 50
neurons and ELU (exponential linear unit) activation. The generator of the GAN is based on a densely connected network
with six hidden layers and 100 neurons in total and a combination of Leaky ReLU, SeLU, and Tanh activation functions.
The discriminator is also a densely connected network with five hidden layers and 76 neurons in total with Leaky ReLU in
all the layers and sigmoid in the final layer. The aim of the discriminator is to get an estimated likelihood of the similarity
of the generated data to the actual distribution. A learning rate of 4 × 10−4 for the generator and 10−3 for the discriminator
are chosen and Adam optimizer for calculating and applying the gradients. The generator is trained on a weighted combi-
nation of cross entropy and L1-norm regularization losses with weighted coefficients, where the cross entropy is weighted
by a factor of 0.3 and the L1-norm by a factor of 0.7.

4.2 Results

The GAN is trained for 800k epochs and 256 synthetic datapoints have been generated from the generator for
evaluation. The synthetic trajectories are compared with simulated trajectories, computed using the control param-
eters the GAN generated along the points along the backbone. Figure 3 shows three synthetical data with their
corresponding reconstruction.
We find that the generated CTCRs show a smooth curve backbone and that the shape is very close to the shape of the

simulated tube, but the rotation seems to be faulty in many cases. Even though these results are not directly usable as
is, they give hope that the results become better if the loss is changed to give more weight to the rotation angle in the
autoencoder. Generating 256 datapoints using the GAN takes 15.6 ms and decoding these another 15.8 ms, resulting in an
average time per sample of 0.12 ms, a major speedup compared to 1 s per simulation.
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4.3 Discussion frommethodological viewpoint

The proposed GAN framework has been able to generate synthetic trajectories that agree with realistic simulation results
if the errors, probably stemming from the autoencoder, are neglected. Still, the GAN shows to perform satisfactorily for the
given task. The loss plays an important role in training the networks and it is crucial that a suitable loss is developed for
the autoencoder and the GANs to perform better. Unlike other architectures, where mean squared error is highly desired
for curve-fitting, GANs, however, cannot be trained just with the said loss.

5 CONCLUSION AND FUTUREWORK

In this work, we evaluate data augmentation based on GANs for generating positions along a discretized backbone of a
CTCR.We show that GANs have the potential to generate physically meaningful data, but that—similar to the generation
of image data—the training is difficult and needs fine-tuning, such that in our work, the predicted angle is off. Still, the
high quality of the overall backbone shape confirms that GANs should be investigated to enrich data sets for CTCRs. The
generation process for 256 samples takes 31.4 ms, so it was found to be much faster than simulations that took an average
1 s, emphasizing that GANs allow for fast generation of synthetic cannula data. The performance of the GAN can be
improved further with customized loss functions suitable for curve-fitting for both generator and discriminator networks.
In the future, we will compare GANs with other generative model types such as DDPMs and VAEs for applicability in

CTCR design, as these models differ in data quality, training effort, and inference time. With an extensive data set, these
comparisons should be made using real cannula data from a photogrammetric system, while including more variability
than just the control parameters to additionally contain data for different tube parameters.
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