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Abstract: Vine robots represent a novel class of soft robots
that achieve mobility through tip extension, a mechanism
inspired by the natural growth processes of vine plants.
This unique movement strategy enables effective naviga-
tion in constrained and cluttered environments, offering
significant advantages over conventional robotic systems.
However, the continuum nature and inherent compliance
of vine robots introduce complex modeling and control
challenges. Deep learning offer a powerful alternative for
modeling systems with such complex dynamics. In this
article, we present a data-driven dynamic model for a pres-
sure-driven everting vine robot, utilizing a deep neural
network (DNN)-based discrete-time dynamic model. This
model was integrated into a model predictive control
(MPC) framework, and a comparative analysis was con-
ducted against the MPC framework using a nonlinear
first-principle model of the vine robot. The results demon-
strate that the DNN-MPC framework offers a better control
performance and significantly improved computational
efficiency compared to the MPC based on the nonlinear
first-principles model. The DNN-MPC reduced computation
time by a factor of 11, making it highly viable for real-time
control applications.
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1 Introduction

The animal kingdom, a rich source of inspiration for
science and engineering, has long influenced the develop-
ment of robotics. Recently, researchers have turned their
attention to the plant kingdom, creating robots that emu-
late plant properties such as growth, energy efficiency,
sustainability, and adaptability to unknown environments.
Plants provide a vast array of mechanisms and materials,
from roots to leaves and seeds to flowers, offering abun-
dant bio-inspiration that can be harnessed to develop
sustainable and efficient technologies for solving complex
problems [1]. Unlike animals, which primarily rely on loco-
motion to navigate their environments [2], plants utilize
growth as their primary means of movement. This unique
strategy, characterized by tip extension toward stimuli
such as sunlight, operates at a slower rate and is a hall-
mark of the plant kingdom [3,4]. This type of growth-driven
movement can be observed across various scales in nature,
including in neurons [5], pollen tubes [6], trailing vines
searching for support, and climbing plants that develop
tendrils [7,8]. Recently, there has been a significant pro-
gress in replicating this form of movement in robotic sys-
tems inspired by vine plants. These robots, often referred
to as “vine robots” or “growing robots,” aim to mimic the
growth behavior of plants to navigate and interact with
their surroundings in a manner similar to natural vines.
Replicating growth in robotic systems is archived by
employing an ingenious method called pressure-driven
eversion of flexible thin-walled material. This technique
involves turning a thin-walled membrane inside out.
When pressurized, the internal pressure forces the mate-
rial to extend from the core of the existing body, causing it
to evert at the tip and elongate. Robots that utilize this
mechanism are known as everting vine robots. These
robots offer several advantages over traditional rigid
robots: there is no relative movement between the body
and the environment since only the tip moves relative to
the ground, reducing energy dissipation due to minimal
friction and inertia. The tip’s movement creates a three-
dimensional (3D) structure, which can be used to deliver
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payloads, transfer force, and form structures for various
applications [9]. Everting vine robots are especially useful
in navigating unstructured and space-constrained environ-
ments [10,11]. The application areas of vine robots are
diverse and include minimally invasive surgery, surveil-
lance and monitoring, soft burrowing devices, soft artifi-
cial muscles, and reconfigurable antennas [12-15].
However, the continuum nature and inherent compli-
ance of the vine robot introduce a new set of modeling and
control challenges compared to traditional rigid manipu-
lators [16,17]. Modeling the dynamic behavior of vine
robots presents significant mathematical complexity due
to the inherent nonlinearities typically exhibited in soft
robots. The air takes time to fill the pressure chamber,
causing a delay in response to input pressure. In addition,
the dynamic nature of the compressed air and the arbi-
trary geometry of the vine robot introduce further nonli-
nearities. As a result, first-principle models often fail to
capture these dynamics accurately due to their simplifica-
tions. The piecewise kinematic models and kinematic-
based controllers [18] for vine robots are suitable in sce-
narios where fast response times are not critical. However,
these models do not explicitly capture the influence of
forces, moments, and interactions with the external envir-
onment on the robot’s motion, limiting their applicability
in dynamic and reactive tasks. Alternative modeling
approaches, such as the simulation open framework archi-
tecture (SOFA) [19], which is based on the finite element
method (FEM), have also been explored. While FEM-based
models offer a high degree of accuracy in capturing com-
plex deformations, they suffer from significant computa-
tional costs and lack the capability to be easily transformed
into mathematical models that are compatible with model-
based controllers, thus limiting their use in real-time appli-
cations. These modelling challenges also affects the control
strategies employed to control the vine robot.
Model-based control strategies, such as model predic-
tive control (MPC), are employed to simultaneously predict
and control the growth and steering behavior of the
everting vine robot in free space, utilizing either kinematic
or dynamic models [18,20]. MPC predicts the future beha-
vior of the controlled system by solving a constrained opti-
mization problem within a finite time horizon at each time
step [21]. The widespread use of MPC in robotics is attrib-
uted to its ability to control complex nonlinear systems
with constraints and uncertainty, a hallmark feature of
soft robotic systems that often confounds classical linear
control methods [21,22]. The initial challenge in applying
MPC lies in developing a dynamic model that accurately
and efficiently describes the system’s behavior while being
suitable for real-time control applications. This requires a

DE GRUYTER

thorough understanding of the system dynamics to create
models that can predict future states and control actions
effectively. In addition, the computational efficiency of the
optimization process is crucial to ensure that the control
actions can be computed within the time constraints
required by real-time applications.

Developing a mathematical model for an everting vine
robot that balances computational efficiency with suffi-
cient accuracy is crucial for capturing the dynamics of
this soft, flexible robot and for optimizing its design and
control. The continuum nature, inherent compliance, and
pneumatic actuation of the vine robot closely align with
the core principles of soft robotic systems, which are
defined by their flexibility and adaptability. State-of-the-
art modeling techniques in soft robotics, such as the piece-
wise constant curvature approach, can be further
enhanced by incorporating growth dynamics inspired by
plant tip extension. This integration would enable a more
comprehensive representation of the vine robot’s motion,
capturing both its unique growth-driven locomotion and
its interaction with the environment, thereby broadening
the applicability and flexibility of current soft robotics
models. Only a limited number of studies have ventured
into developing a dynamic model for everting vine robots
to characterize their behavior in response to environ-
mental interactions and actuator inputs, primarily due to
the inherent complexity of such systems. In the study by
Blumenschein et al. [23], a quasi-static force balance model
for a pressure-driven everting vine robot was developed.
This model focuses on the equilibrium of forces, disre-
garding system inertia, and links the driving force gener-
ated by internal pressure to the yield force and a term
dependent on velocity. Similarly, Blumenschein et al. [24]
presented a quasi-static model for a novel growing soft-
continuum robot. This model integrates a kinematic frame-
work with a quasi-static approach to precisely control the
position of the end effector within the task space. In the
study by Haggerty et al. [10], a detailed mathematical
model was developed to describe the behavior of vine
robots interacting with their environment in both uncon-
strained and constrained scenarios. This model accounts
for axial and transverse buckling modes as the robot grows
into obstacles, based on a quasi-static equilibrium frame-
work for vine robots traveling at an average speed of less
than 0.05 m/s and a path length of less than 5 m. Similarly,
Naclerio et al. [13] modified a quasi-static model to consider
the external opposing force of dry sand, where the soft
burrowing device operates. This device utilizes tip-exten-
sion, inspired by plant root growth, and incorporates gran-
ular air-fluidization by channeling air through the back-
bone core.



DE GRUYTER

Physics-based model for a miniature steerable soft
growing robot, employing the SOFA to simulate growth,
steering, external loading, and pressure stiffening was
developed in the study by Wu et al. [19]. Despite its detailed
simulations, this model is computationally intensive and
unsuitable for real-time control. In contrast, Jitosho et al.
[25] introduced a dynamic simulator for soft growing
robots using pseudo-rigid-body kinematics with contact
constraints to examine vine robot interactions with the
environment. However, this model does not consider con-
tinuous length changes, it is restricted to planar motion,
and its performance is limited by the number of discrete
rigid bodies included. Despite significant efforts in devel-
oping dynamic models for pressure-driven everting vine
robots to describe their behavior, it remains prohibitively
challenging to create a parsimonious and computationally
efficient model suitable for real-time control. The inherent
complexities of these robots, including their nonlinear
dynamics and interactions with the environment, pose
substantial obstacles to achieving both accuracy and com-
putational tractability in real-time applications.

Data-driven modeling, employing machine learning
techniques, presents a novel approach to characterizing
complex systems, including the use of deep learning [26].
Deep learning, a subset of artificial intelligence and machine
learning, utilizes multilayer neural networks to identify pat-
terns within data, effectively correlating input features with
target outcomes. The confluence of big data, advanced algo-
rithms in machine learning, and advancements in computa-
tional hardware are fueling a new paradigm in modeling
and control of complex systems, resulting in watershed
moment in the modern dynamical systems and transforma-
tive progress in data-driven dynamic systems of soft robots
[27]. Recent works have demonstrated the effectiveness of
deep neural networks (DNN) in modeling complex dynamic
systems of soft robots. In the study by Cespedes et al. [28], a
DNN was used to estimate the dynamic model of a soft
robotic laparoscope using data sampled at fixed time steps
for random inputs from the system. Similarly, in the study
by Hyatt et al. [29], a neural network obtained from data-
driven principles was used as a surrogate model in a MPC. A
neural network-based dynamic model for a soft robot with
symmetrical chambers, which was used to develop a MPC to
control the motion and track the desired trajectory of the
robot, was developed by Li et al. [11]. These studies demon-
strate the potential of combining neural network-based
dynamic models with MPC, offering improved computa-
tional efficiency and performance compared to traditional
analytical models for soft robots.

In this work, we present a data-driven dynamic model
for a pressure-driven everting vine robot, utilizing advanced
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deep learning techniques. A nonlinear first principles model
of the everting vine robot was developed, and a DNN was
employed to approximate the nonlinear discrete-time
dynamics using data from nonlinear simulations of the pro-
posed analytical model of the vine robot. The DNN-based
dynamic model was then integrated into a MPC framework
to enhance the data-driven control of the vine robot,
improving computational efficiency for real-time applica-
tions. The deep learning model was rigorously validated
against the first principles model by comparing the compu-
tation time required to determine optimal control actions.
Furthermore, we performed k-fold validation to assess the
model’s generalization performance, ensuring robustness
across different datasets.

The model was successfully incorporated into the MPC
framework with additional constraints and bounds to ensure
operation within the physical limitations of the actuators and
the feasible region of the state space. Simulation results
demonstrated significantly improved performance in trajec-
tory tracking capabilities, point stabilization, and obstacle
avoidance, highlighting the potential of combining deep
learning with MPC for advanced control of soft robots. In
addition, the computation time of the MPC optimizer reduced
significantly with DNN-based dynamic model compared to
the nonlinear first principles model.

The key contributions of this article can be summar-
ized as follows:

* Development of a DNN architecture for dynamic mod-
eling of a pressure-driven everting vine robot, utilizing
data from a nonlinear first principles model.

Designing a MPC that employs the neural network (NN)-
based dynamic model, which is computationally effi-
cient, to control the growth and direction of the vine
robot.

Formulation of a flexible first-principles model of the
everting vine robot that accurately represents its
dynamic behavior.

Contribution to the literature by proposing a versatile
model applicable to any pneumatic growing robot, irre-
spective of the steering mechanism used.
Benchmarking and validation of the DNN-based dynamic
model against the first principles model by evaluating
the computation time required by the MPC optimizer
to find the optimal control actions under given con-
straints, bounds, and uncertainties.

The final contribution represents the primary novelty of
our article. We anticipate that the integration of a DNN-
based dynamic model with MPC will significantly enhance
the performance of data-driven control systems. This com-
bination leverages the predictive capabilities of NNs to
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better capture the complex dynamics of the everting vine
robot, thus optimizing control strategies and improving
overall system efficiency.

The remainder of this article is structured as follows:
Section 2 presents the basic structure of the everting vine
robot and its kinematic analysis in Cartesian space. The
dynamic model, encompassing both the growth and
steering behaviors, is introduced in Section 3. Section 4
discusses the stresses experienced by the growing robot
during operation. The data-driven dynamic model is
detailed in Section 5, followed by the development of the
MPC framework in Section 6. Simulation results are pre-
sented in Section 7, and finally, conclusions are drawn in
Section 8.

2 Kinematics of vine robots

2.1 Structure description

The structural design of the vine-growing robot examined
in this study is illustrated in Figure 1. The robot comprises
several key components: a pressure chamber, a spool, a
flexible tube, and a steering mechanism that enables con-
trol of the robot’s tip local roll and yaw angles. The flexible
tube, typically made from thin-walled low-density poly-
ethylene, is sealed at one end and inverted, passing
through the center of the existing tube before being rolled
onto the spool. The open end is securely attached to the
nozzle of the pressure chamber. When pressurized air
from a compressor is introduced into the pressure

new material to be
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pressure chamber

air supply
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chamber, the internal pressure propels the material
through the robot’s body, causing it to evert at the tip
and extend in length. This process is referred to as growth.

The servomotor, attached to the spool, manages the
feeding of material necessary for the robot’s growth and
retracts the material after task completion. While some
studies use a servomotor to control the robot’s elongation,
in this research, the servomotor is employed solely for two
purposes: to feed the material required for growth without
causing tension in the “tail” — the material that travels
within the robot’s body — and to retract the material after
the task is completed.

The steering system typically employs distributed
strain actuation, using flexible actuators evenly spaced
along the robot’s backbone to achieve distributed strain.
Alternatively, it may use concentrated strain actuation,
where actuators are placed at specific intervals along the
robot’s length. Regardless of the approach, the primary
purpose of the steering mechanism is to control the robot’s
growth direction by adjusting the local roll and yaw angles.
This is accomplished through asymmetric growth, which
creates a length differential on either side of the robot’s
body, mimicking how a vine bends due to uneven cell
growth on its sides.

2.2 Kinematic analysis
To determine the tip’s position and orientation of the soft
growing robot, it is essential to establish its kinematics

within the chosen configuration space. Various methods
such as piecewise constant curvature [18,20,30] and the

[Z)
&
S
. Q
steeringup >
2

) eversion

D\

growing

&
S? steering down
Q
J
‘Q\.
S

Polyethylene tube

Figure 1: Schematic diagram of vine growing robot depicting its structure.
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classical Denavit-Hartenberg (D-H) coordinate system [11]
have been utilized to elucidate the kinematics of vine
robots. The piecewise constant curvature approach is par-
ticularly favored for modeling a broad array of continuum
robots due to its analytical elegance and the capability to
decompose kinematics into two distinct mappings: from
actuator space to configuration space and from configura-
tion space to task space [16]. This method is especially
accurate for soft robots with a single curvature and actua-
tors distributed along their backbone, proving effective
when gravitational effects and external loads are negligible
[31]. However, it is less suitable for soft robots with
minimal bending curvatures [32], and the constant curva-
ture assumption becomes unreliable at longer lengths [33].

Conversely, the classical D-H coordinate approach,
while providing a homogeneous transformation matrix,
relies on parameters that are difficult to measure directly
in real-time settings. Therefore, this study adopts a com-
prehensive and general approach to model the kinematics
of the growing robot, integrating the strengths of both
methods to accurately capture the robot’s kinematic beha-
vior in various conditions.

Figure 2 illustrates the detailed kinematic modeling of
a vine-growing robot in free space. The global frame
G(0XYZ) is anchored at the center of the robot’s base,
with the Y-axis tangent to the backbone’s base, providing a
global orientation reference. The body frame B(Oxyz),
attached to the robot’s tip, ensures that the y-axis remains
tangent to the end of the robot’s backbone, regardless of
environmental contacts or disturbances. The position of the
origin of the body frame B(Oxyz) relative to the global frame
G(0XYZ) is represented by the position vector p = [X Y Z]7,
and the everted length of the robot is denoted by l. The angles
ay and B, represent the bending angles around the local x-
and z-axes, respectively, resulting from the asymmetrical

pressure chamber

T~

rotating spool X

Figure 2: Schematic diagram of the kinematic model of the vine robot.
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growth due to the steering mechanism or environmental
interactions and disturbances.

The spool, rotating at an angular velocity w, controls
the extension and retraction of the robot’s body. At time
step k, the local frame B(Oxyz) undergoes a sequence of
rotations: first, a rotation by angle a; around the current
x-axis, described by the rotation matrix R/(ax) € SO(3),
followed by a rotation by angle B, around the current
z-axis, described by the rotation matrix R,(B,) € SO(3).
Consequently, the rotation matrix from the tip to the global
coordinate system is expressed as follows:

~

T
Ry = [TR«@0R(By), @
i=0
where
1 0 0
R(ax)=|0 cosax —sinag|,
0 sinay cosax

cosf, -sinf; 0
sinf, cospB, Of,
0 0 1

Rz(ﬁk) =

and T represents the total number of discrete time steps.
Therefore, after substitution, the transformation matrix
CRy is given as follows:

| cospy -sinp, 0
Ry = []|cosaxsinp, cosay cosp, -sinay|. )
k=0] sin ay sinf, sinax cosp, cosay

In this study, the final orientation of the body frame
B(Oxyz) relative to the global frame G(OXYZ) after a series
of finite rotations is represented using Euler angles ¢, 6,
and ¥. These angles correspond to the rotation around the
global Z-axis, the rotation around the local x-axis, and the
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rotation around the local z-axis, respectively. The transfor-
mation matrix from B(Oxyz) to G(OXYZ) is given by:
GAB
cpcpy—cOspsp —cosp-cOcysp sOsp
=[chsp+cOcosp -spsp+cOcopcy - cop sb.
s6 sy s6 cy co

6)

Let 1, denote the element in row m and column n of the
rotation matrix in (2). The Euler angles at time step k can
then be determined as follows:

0 = arccosrss. 4

For sinf # 0, the angles ¢, and Y, are given by:

I I
@, = arctan i] ¥, = arctan| |, 5)
I3 I3
However, if sinfy = 0, the angles simplify to:
- "1 -
¢, = arctan|—|, ¥, = 0. (6
Iy

The rate at which the everted length [ increases in free
space must equal the velocity of the robot’s tip, as the
everted length directly translates to the linear displace-
ment of the tip. This relationship ensures that the physical
extension of the robot’s body is accurately represented by
its motion in space. Mathematically, this is expressed as
follows:

[=X*+ V2 + 2% (7

To prevent tension in the tail, the rate at which the
spool feeds the robot’s body during growth must be at least
equal to the rate at which material is added at the robot’s
tip. This ensures that the material supply keeps pace with
the extension demands. This constraint is crucial to avoid

X
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buckling caused by the force applied at the tip due to ten-
sion in the tail and to simplify the dynamic model.
Consequently, the velocity of the tip is controlled solely
by internal air pressure. Maintaining this balance is essen-
tial for ensuring smooth and uninterrupted growth, as well
as preventing mechanical failure. The mathematical rela-
tionship governing this balance is expressed as follows:

wry 2 1, 8)

where 1y, is the radius of the spool and w is the angular
velocity at which the spool rotates. Ensuring this relation-
ship holds true allows for consistent material feeding,
thereby enhancing the robot’s performance and reliability
during operation.

3 Dynamic modeling

This section presents a dynamic model for the growing
vine robot, designed to be both computationally efficient
and suitable for real-time implementation. This model aids
in the development and synthesis of closed-loop control-
lers. In this study, we employ a lumped parameter model,
which simplifies the system by assuming a single-point
mass at the tip of the soft growing robot. This approach
is chosen for its effectiveness in capturing the dynamics of
mixed systems across various domains and for its ability to
describe system behavior through computationally effi-
cient ordinary differential equations. Furthermore, the
lumped parameter model facilitates seamless integration
with control algorithms and accelerates the rapid testing
and iteration of different models, enhancing the overall
development process.

Figure 3: Dynamic model of the vine-growing robot, illustrating forces, actuation inputs, and environmental interactions.



DE GRUYTER

3.1 The growth model

This section explores the modeling of the everting vine
robot during its growth phase, focusing on the dynamics
and interactions involved. It examines the forces exerted
by both the environment and internal pressure. Figure 3
illustrates the free body diagram of the vine-growing robot,
which has a concentrated fictitious mass m at its tip. The
force acting on the tip, 8F = [0 F 0]” in the body frame, is
generated by the internal absolute pressure P and acts
along the y-axis of the body frame. In addition, the force
exerted by the vine robot on the environment due to envir-
onmental interactions is represented by °F, = [Fy Fy E,J"
in the global frame. To model the bending behavior of the
system caused by disturbances and environmental interac-
tions, we introduce a torque 7 at the tip. Air with a volu-
metric flow rate Q is introduced into the pressure chamber
by the compressor. The dynamics of the pressure-driven
everting vine robot is expressed as follows:

°F - °F, = mp, 9)

where °F = °A,%F. By substituting this into the equation of
motion, we obtain:

F(-siny cos¢ — sing cosy cosh) — Fy mi
F(-sinysing + cosy cosd cos@) — Ky | = |my|. (10)
Fsinfcosy - E, mZ

The terms involving the angular variables ¢, 8, and ¢ in
equation (10) represent the orientation of the vine robot in
space and describe how the internal forces are projected
along the global axes. These angles are derived from the
robot’s kinematic configuration and evolve with its motion
during growth and steering.

The force F corresponds to the internal force gener-
ated by the pressure-driven eversion mechanism, and it is
distributed across the global X, Y, and Z directions
according to the robot’s orientation. The terms siny,
cos@, and cosf allow the projection of this internal force
onto the respective global coordinate axes.

The external forces E,, Fy, and F, represent interac-
tions with the environment, such as contact forces from
obstacles. These forces act in opposition to the robot’s
internal forces and are subtracted accordingly. In this
model, the external forces are subject to the following
assumptions: First, the contact point where the external
force is applied must always lie outside the vine robot;
no external forces can act within its structure. Second,
the normal forces exerted by obstacles must be nonnega-
tive, meaning that obstacles can only push the robot away
and cannot pull it toward them. In addition, it is assumed
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that the material properties of the vine robot remain
unchanged, with no degradation due to fatigue caused by
repeated interactions with the environment. The angular
variables also indirectly reflect external perturbations, as
any environmental interaction (e.g., obstacle contact) can
alter the robot’s configuration, which in turn affects the
values of ¢, 6, and ¥.

The force F exerted on the tip due to internal pressure
is given by:

F= Av(P - R’;\tm - PY); @1

where A, represents the cross-sectional area of the tip, Py
is the atmospheric pressure, and Py is the yield pressure,
which is the minimum pressure required to initiate the
eversion process. The yield pressure Py depends on several
factors, including the material properties of the vine
robot’s membrane, such as stiffness and thickness. While
the yield pressure is dynamically complex, it is typically
treated as a constant in our model for computational sim-
plicity and to align with prior research on vine robots [23].

In practice, Py could vary based on environmental
conditions or material fatigue. However, in this study, we
assume it remains constant throughout the simulation.
The specific value used for Py in our model is based on
experimental data from the literature [10], which provides
validated pressure values for materials with similar
characteristics.

To model the system’s bending response, we incorpo-
rate torsion springs at the points of interaction with the
environment. This approach can be mathematically
expressed as follows:

T = K6, (12)

where K = diag(k, k) is the stiffness matrix and 6, denotes
the angles of rotation around the x and z axes of the body
frame due to interaction with the environment. It is impor-
tant to note that in this study, we assume a constant stiff-
ness matrix for simplicity and computational efficiency, as
validated in previous works [25]. However, we acknowl-
edge that in real-world scenarios, the stiffness may vary
along the robot’s length.

For extended lengths of the vine-growing robot, the
weight becomes significant, as it is proportional to the
free length | in space (excluding the inverted tail and
neglecting the weight of the air within the tube). This
weight generates a restorative moment at the nearest sup-
port point. In addition, the robot may carry payloads at its
tip, such as cameras or other scientific instruments, which
further increase the lateral weight. The total weight acting
on the robot, as illustrated in Figure 4, can be expressed as
follows:
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W= ul + mg, 13)

where ! is the unconstrained length, y is the weight per
unit length, m; is the mass attached at the tip, and g is the
acceleration due to gravity. This total weight W generates a
moment at the nearest support point, which is counter-
acted by a restorative moment M, provided by the weight
of the pressure chamber.

The deflection of the vine robot due to gravitational
effects and additional weight is negligible, primarily
because the stiffness induced by the internal pressure
within the robot’s membrane is significantly greater than
the forces caused by these weights. For this assumption to
hold, the internal pressure must be sufficiently high to
ensure that deflections remain minimal, which justifies
the exclusion of these effects in the development of the
dynamic equation in (10). Specifically, the principal stress
at any point along the backbone of the vine robot must be
nonnegative to prevent any significant deformation [34].

To check this posteriori, the axial stress Zxx at the point
(X=0,Y=0,Z=-R) must satisfy:

M (P - Bim)R M
Sy =0+ =7 = -
=0T 2t TRt

o 1< @ PR
e

R20
14)

where R is the radius of the vine robot, P is the internal
pressure, By, is atmospheric pressure, ¢ is the membrane
thickness, and M is the moment generated by the weight
W. If the internal pressure P drops below a certain threshold
governed by the inequality equation in (14), wrinkles may
begin to form at the point (X = 0, Y = 0, Z = —-R), leading to
bending. Such deformation would invalidate the assumptions

Restorativ
Moment

\
X pl
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made in the dynamic equation (10), as it does not account for
these effects. This is why, under normal operating conditions,
the pressure is maintained high enough to keep the robot’s
structure stiff and the deflections negligible.

The vine-growing robot can be modeled as a fluid
capacitor with a capacitance C;. When the robot is not fully
extended, the volume flow rate, considering the vine robot
as an ideal fluid capacitor, is given by:

Q=GP+ Al (15)

where Q represents the volumetric flow rate of air supplied
by the compressor, C; is the fluid capacitance, P is the rate
of pressure change, A, is the cross-sectional area at the
robot’s tip, and [ is the rate of change of the everted length.

The fluid capacitance for a given volume of fluid is
typically defined as follows:

(16)

where AV represents the change in the volume of the
entrapped fluid and AP is the corresponding change in
pressure.

Assuming the vine robot is in thermal equilibrium
with the environment and experiences slow changes in
pressure and volume, allowing it to maintain a constant
temperature, the fluid capacitance of air under isothermal
conditions is given by:

Cr=— 17
=5 oY)
where the volume of air V is defined as follows:

V=AL 18)

Figure 4: Dynamic force balance of the vine robot. The diagram illustrates the restorative moment M generated by the structure to counteract the
gravitational forces and other external forces acting on the robot’s extended length [.
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In this context, [ denotes the everted length of the vine
robot and A4, is the cross-sectional area at the robot’s tip.

When the vine-growing robot is fully extended, the
volumetric flow rate into the robot can still be modeled
as an ideal capacitor, described by:

Q = Cﬂp, (19)

where Cy represents the fluid capacitance, which consists
of two components: one arising from the compressibility of
air and the other from changes in volume due to the axial
stiffness of the vine robot’s membrane. The fluid capaci-
tance Cq is expressed as follows:

v
Ca=0Cs+ L (20)
where Cs is defined as follows:
AV AN Al
CS = E = % = E' (21)

In this context, k; represents the spring stiffness of the vine

robot’s body. By substituting equation (21) into the equa-

tion for Cy, the total fluid capacitance becomes:
_AL Y

Cq + —.

22
PR (22)

Combining equations from (15) to (22), the rate at which the
internal pressure P changes is given by:

-A,l + Q)P
% for I < I,
p I‘; » (23)
Oks otherwise,

Ay(AvP + kil)

where Ir is the length of the vine robot when it is fully
extended. Furthermore, this length imposes physical con-
straints on the robot. When the robot is fully extended, the
velocity and acceleration of the tip cease, as the materials
predominantly used to construct the vine-growing robot,
such as thin-walled low-density polyethylene, are flexible
but inextensible with relatively high axial stiffness. This
constraint can be mathematically represented as follows:

. 0 for [ 2 lT:

l=13. . (24)
l otherwise,
0 for [ > lTs

) = 25

4 D otherwise, 25)
0 for 1 = I,

S 9

P p otherwise. (26)

Real-time force/position control of soft growing robots == 9

These conditions indicate that the robot’s tip cannot extend
further and that the tip’s velocity and acceleration are zero
once the maximum length is reached.

3.2 The steering model

In contrast to passive environment steering, where the soft
growing robot naturally bends around obstacles and fol-
lows existing pathways in cluttered and narrow spaces due
to its inherent compliance, an active steering mechanism is
necessary to control the growth direction for specific tasks.
This is especially important in applications that require the
creation of deployable and reconfigurable structures.
Various steering mechanisms have been developed to con-
trol the growth direction of soft growing robots, all based
on the principle of altering the relative length of the mate-
rial on opposite sides of the flexible thin-walled tube. This
method induce asymmetric growth by shortening one side
to change the robot’s shape and achieve turns, enabling it
to curve in space. Recent innovative methods for steering
the everting vine robot, which mimic how vine plants
explore their surroundings in search of water and nutri-
ents without moving already grown sections, are presented
in [11,35].

This study considers a mutually independent, on-
demand active steering mechanism as presented in [11].
This steering method uses four pairs of miniature electro-
magnets and circular plates, which are uniformly distrib-
uted at 90° intervals around the backbone’s cross section
to store parts of the robot. These electromagnet units are
attached along the robot’s body with double-sided tape.
When energized, the electromagnets release the stored
body sections between the electromagnets and circular
plates, causing asymmetric growth. This process imitates
how vines avoid obstacles and move toward their targets.
The steering model that controls the motion trajectory
of the vine-growing robot, as illustrated in Figure 5, relates
the bending angle to the length of the stored section as
follows:

L = OpR,

O Lo/2 27
= b = 1’ 2’ 3’ 41

2 R,-D ™M

where L,, is the length of the body stored between the
electromagnet and circular plate, 6y, is the bending angle,
Ry, is the radius of curvature of each pair, Ly is the thick-
ness of the electromagnet unit after absorption (i.e., when
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Steering

Figure 5: Schematic diagram of the steering kinematic model [11].

the electromagnet is in contact with the circular plate), and
D is the diameter of the vine-growing robot. The turning
mode utilized in this study ensures that at any given
moment, only one electromagnet unit is activated at each
joint to steer the robot, or none are activated, allowing the
robot to continue moving in the same direction as men-
tioned earlier. When no electromagnet unit is activated
(Lm = 0), the bending angle 6,, is zero, and the radius of
curvature R, is infinite, forming a straight line at each
unit. The rotation angles a and g, around the body frame’s
x and y axes, respectively, in terms of the bending angles 6,,
are defined as follows:

ag =01 - 0y,
Bk =03 - 0,

The rotation angles ayx and pf,, necessary for the
steering mechanism to control the growth direction, are
computed as follows:

GAB((P}(: ek’ l/)k) = GAB((/)k—l’ ek—l; wk—1)Rx(ak)Rz(Bk)- (29)

The bending angles 0 = [0; 6, 6; 6,]" and the lengths of
the body sections L = [L; L, L3 L4]7, stored between the
electromagnetic units of the steering mechanism, are
derived from Eqs (28) and (27), respectively.

This formulation allows for the comprehensive ana-
lysis and control of the vine robot’s behavior by incorpor-
ating both the growth and steering dynamics within a uni-
fied state-space framework.

(28)

3.3 Model description

The development of a precise model is crucial for the
implementation of model-based control. In this study, we
formulate the model using continuous ordinary differen-
tial equations and represent it in state-space form. The state
vector is defined as x = [pT pT [ P]”, encapsulating the sys-
tem’s state. The input vector to the system is given by
u = [Q LT]". Consequently, the nonlinear model describing
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the dynamics of the everting vine robot in state-space form
is expressed as follows:

X = f(x,w),

yox. (30)

This model effectively captures the complex interplay
between the growth and steering mechanisms, enabling
precise control of the vine robot’s movements and interac-
tions with its environment.

4 Stress assessment

The internal pressure within the vine robot generates axial
stress that propagates along the backbone’s wall to the
base. Due to the very small ratio of membrane thickness
to diameter, the vine robot primarily experiences circum-
ferential (hoop) stress and longitudinal (axial) stress when
pressurized [36]. If the internal pressure causes the stress
to exceed the membrane’s maximum capacity, the robot
will burst. For simplicity, the tip surface is approximated
as a perfect circle with the same diameter as the backbone.
The longitudinal stress, assumed to be uniform across the
cross-section of the backbone, is given by:

_ (P~ Bw)D

a (3D

0L
where ¢ is the thickness of the membrane.
Assuming the circumferential stress is uniformly dis-
tributed along the length of the vine robot, the circumfer-
ential (hoop) stress is expressed as follows:

- (P B Patm)D

32
ot (32)

Ty
The circumferential and longitudinal stresses must always
be nonnegative and below the yield (burst) stress of the
membrane during the robot’s operation.

5 Data-driven dynamic model

In this work, we leverage the power of deep learning tech-
niques due to their flexibility and general representation
capabilities to develop a data-driven dynamic model of the
everting vine robot using a DNN, as depicted in Figure 6.
This DNN serves as a discrete-time dynamic model that can
be integrated with model-based controllers. The primary
objective of this DNN is to learn the nonlinear mapping
from the system state xx and input u at time step k to the
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Input uy, ¢y, Output k41

Figure 6: DNN architecture for the everting vine robot.

future state Xx.;. The nonlinear discrete-time dynamic model
is formulated as follows:

Xic+1 = Joy (X, W), (33)

where f, represents the dynamics that map the state of the
system forward in time and 6 denotes the network weights.
This approach enables the modeling of complex, nonlinear
behaviors inherent in the vine robot’s dynamics, facili-
tating more accurate and efficient control.

The DNN employed in this research utilizes fully con-
nected layers with hyperbolic tangent activation functions.
It comprises three hidden layers: the first with 32 neurons,
the second with 16 neurons, and the third with 8 neurons.
The architecture is completed with an output layer that
uses a linear activation function to predict the future state
Xx+1. The choice of activation type, the number of layers,
and the number of neurons in each layer is somewhat
arbitrary. It is important to note that widening or dee-
pening of the network is straightforward but has a
minimal impact on the network’s performance and can
complicate the tuning process.

The training data for the DNN are generated from non-
linear simulations of the first-principles model described
in Eq. (30). These simulations are conducted using the
state-space model with the do-mpc simulator [37] at a sam-
pling time of 0.08 s. The model is driven by sinusoidal
forcing functions: (0.0332sint*)? for the volumetric flow
rate Q and 27 sint* for the Euler angles ¢, 8, and i, where
t* represents time. Prior to training, the data are normal-
ized and then split into 80% for training and 20% for vali-
dation. This ensures that the DNN is trained on a compre-
hensive set of scenarios, enhancing its ability to accurately
predict future states under various conditions.

The DNN model is designed and trained using Keras
with TensorFlow as the backend engine due to its simple
application programming interface and flexibility. After
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training, normalization layers are incorporated before
the input layer and after the output layer to facilitate seam-
less integration with model-based controllers, ensuring
that the input and output data are normalized and denor-
malized accordingly. Subsequently, the open neural net-
work exchange (ONNX) [38] framework is employed to
convert the model from the TensorFlow computation
graph to the ONNX format using the tf2onnx package.
This conversion enhances interoperability with other
Python tools, enabling broader application and integration
of the trained model across various platforms.

6 MPC

In this section, we present MPC as a method to simulta-
neously control the growth and steering of the everting
vine robot in free space. MPC, schematically depicted in
Figure 7, functions through real-time, iterative optimiza-
tion using a mathematical surrogate model of the system.
The surrogate model employed in this research is a DNN-
based discrete-time dynamic model defined in Eq. (33). This
approach allows for predicting the future behavior of the
robot by solving a potentially constrained optimization
problem to determine the optimal trajectory of the
manipulated variable u [21]. At each time step, only the
initial value of the optimized output trajectory is applied
to the system. The optimization and prediction processes
are repeated continuously, ensuring that the output y clo-
sely follows the desired reference trajectory r over the
prediction horizon N, (length of the prediction window),
as illustrated in Figure 8. For computational efficiency, the
lower prediction horizon is set to N; = 1 (starting point for
predictions) to accommodate the time required for imple-
menting the optimal control input u in the subsequent time
step. Furthermore, the control horizon N, (number of
future steps for control actions) is chosen to be equal to

MPC

System

Figure 7: Schematic diagram of model-based predictive control (MPC) for
the everting vine robot.
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reference r

—_ —. — = i
control variable ¥

Figure 8: Illustration of the functional principle of MPC for tracking the reference trajectory, with prediction horizons N; and N,, and control horizon
N, (in accordance to the study by Schwenzer et al. [21]). The diagram demonstrates how MPC optimizes and predicts at each time step to ensure the

output y follows the desired reference r.

the prediction horizon N;, simplifying the tuning of the
optimizer.

MPC’s widespread adoption in robotics for controlling
real systems is attributed to its ability to incorporate con-
straints directly into the optimization process and its effec-
tiveness in handling nonlinear models, which often exceed
the capabilities of classical controllers. This flexibility
makes MPC an invaluable tool for achieving precise and
reliable control in complex robotic applications.

6.1 Cost function

To achieve precise tracking of the desired reference trajec-
tory while ensuring smooth control behavior, a cost func-
tion must be defined to penalize deviations in both the
manipulated variable and the trajectory. This cost function
is minimized by the optimizer and accounts for deviations
from the reference trajectory r as well as changes in the
manipulated variable over the prediction horizon N;. The
cost function to be minimized at each time step k is defined
as follows:

N,
J= 2 lIrtk + ik) - y(k + i1kl
i=Ny
Ny-1
+ Y llauck + jIOIE,
j=1

34

N,
+ Y EK + ikl

i=N1
s.t.

up <uk + jlk) < wy,
Yy — §k+ilk) < yk + ilk) <y, +y(k + ilk),
where & 20,

where y(k + i|k) represents the predicted control variable
at time k + i given the system state at time step k, and
Auy = uy - uy_q denotes the change in the manipulated vari-
able. The slack variable ¢ quantifies the permissible violation
of output constraints, allowing for the softening of constraints
within the cost function. The weight matrix W; controls the
extent of this violation. In addition, the weight matrices
W, 20 and W, > 0 are positive semi-definite and positive
definite, respectively, controlling the trade-off between accu-
rate trajectory tracking and smooth control behavior.

This formulation ensures that the system not only
tracks the reference trajectory accurately but also does
so with minimal abrupt changes in the control inputs,
leading to more stable and efficient operation.

6.2 Constraints and bounds

The system imposes physical constraints and limits on both
the actuators and the output y to ensure the robot operates
within safe and feasible regions, thereby preventing poten-
tial damage to the actuators. To achieve this, these con-
straints and bounds must be incorporated into the optimi-
zation loop, ensuring that the optimal trajectory of the
manipulated variable u and the system states remain
within acceptable ranges. The specific constraints and
bounds considered in this study are as follows:

[ - wry<0,
Raltm"'PYSPSPmax,
0<Q < Quax (35)
-2m<¢,0,¥ < 2m,
0<L < Ly,

where [ represents the rate of change of the everted length,
Brax denotes the maximum allowable pressure, Q..
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specifies the maximum volumetric flow rate that can be
supplied by the compressor, and Ly, denotes the max-
imum stored length between the electromagnet units of
the steering mechanism. These constraints are crucial for
ensuring that the system operates both safely and effi-
ciently, staying well within its physical and operational
limits.

6.3 Implementation of MPC

The MPC approach proposed in this study for controlling the
vine-growing robot is implemented using the do-mpc frame-
work [37], a Python-based platform for nonlinear and robust
MPC. This framework leverages CasADi [39] for symbolic
computation and Ipopt [40] for solving nonlinear optimiza-
tion problems, making it well suited for evaluating the per-
formance and robustness of the proposed controller.

To integrate the DNN-based discrete-time dynamic
model of the vine-growing robot, as detailed in Section 5,
the model is first converted into a CasADi symbolic expres-
sion using the do-mpc ONNXConversion class, which facil-
itates the conversion from ONNX format. This conversion
enables the model to operate as a discrete-time dynamic
model within the MPC framework. The nonlinear optimi-
zation problem is addressed using Ipopt, which leverages
the MA27 linear solver, while the dynamic model’s simula-
tion is carried out using the cvodes tool. This approach
ensures precise simulation and optimization, thereby sup-
porting the robust real-time control of the vine-growing
robot.

7 Results and discussion

To evaluate the effectiveness of the DNN-based discrete-
time dynamic model of the vine-growing robot and assess
the performance of the nonlinear robust MPC, simulations
are conducted in two distinct settings: open-loop prediction
and closed-loop control.

First, an open-loop prediction is performed using the
proposed DNN model to compare the predicted system
states with those obtained from the nonlinear first-princi-
ples model. This comparison allows us to assess the accu-
racy of the DNN in estimating the system’s dynamics.

Second, to evaluate the effectiveness and performance
of the proposed MPC in controlling both the growth and
steering of the vine-growing robot, a closed-loop simula-
tion is conducted. This simulation ensures that the system
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Table 1: Simulation parameters for vine-growing robot

Parameter Description Value

m Fictitious mass 10% kg

Ir Fully extended length of the robot 1.2 m

Py Atmospheric pressure 101325 Pa

Py Yield pressure 3.210 x 103 Pa
Tsp Radius of the spool 0.025 m

D Diameter of the membrane 0.0798 m

t Thickness of the membrane 0.0001 m

Ly Thickness of the electromagnet unit ~ 0.012 m

k Torsional stiffness 22 Nm/rad

u Weight per unit length 0.008 N/m

ks Stiffness of the membrane 20 x 105 N/m
A, Cross-sectional area of the tip 5 x 1073 m?
g Gravitational acceleration constant 9.81 m/s?

R Radius of the membrane 0.0399 m

states achieve the desired setpoints or follow the specified
trajectory under the control of the MPC. The closed-loop
simulations are executed using the do-mpc framework.

The parameters used for simulating the vine-growing
robot are presented in Table 1. Notably, the magnitude of
the fictitious mass m attached to the tip of the vine robot
has been carefully selected to accurately represent the robot’s
slow and deliberate movement, which is crucial for applica-
tions like exploration. A larger fictitious mass is essential to
model the slow acceleration and precise movements charac-
teristic of the vine robot. Conversely, choosing a smaller mass
would result in much higher acceleration at the tip, akin to a
rocket’s behavior, which is contrary to the intended operation
of the vine robot. This choice of mass enables a more realistic
simulation of the robot’s behavior within the computational
model. The remaining parameters used in this simulation
were obtained from existing literature [10,35]. Open-loop
simulations of the nonlinear first-principles model, as pre-
sented in the literature [41], were conducted to validate the
dynamic model of the vine robot.

7.1 Performance of the DNN dynamic model
of the vine robot

In this section, we evaluate the performance of the DNN-
based discrete-time dynamic model for the pressure-
driven everting vine robot, which is intended for integra-
tion into the MPC as a surrogate model. The DNN model is
trained using Keras with TensorFlow as the backend
engine, running on an Intel Core i5-4300M CPU @
2.60 GHz with 7.4 GB of RAM. This setup allows us to assess
the model’s accuracy and computational efficiency,
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ensuring it is suitable for real-time control applications
within the MPC framework.

To evaluate the performance of the proposed DNN-
based dynamic model for the vine robot, the training and
validation loss were monitored over 200 epochs on normal-
ized data. The Adam optimizer was employed with a
learning rate of 0.001. Figure 9 illustrates the training
and validation loss curves, both of which show the mean
squared error (MSE) steadily converging. The rapid
decrease in MSE during the initial epochs indicates effec-
tive learning, and the subsequent stabilization suggests
that the model is not overfitting, maintaining consistent
performance across both training and validation datasets.

Figure 10 illustrates the open-loop predictions of the
system states using the DNN-based model, compared to
the actual states derived from the first-principles model.
The comparison shows that the differences between the
DNN-predicted states and the first-principles model’s states
are minimal, indicating a high level of accuracy in the DNN
model’s predictions. This close alignment validates the use
of the proposed DNN model as an effective surrogate for
the more complex first-principles model, demonstrating its
potential for integration into the MPC framework.

To assess the generalization performance of the pro-
posed DNN for the pressure-driven everting vine robot, a
K-fold cross-validation approach was employed, as recom-
mended by Marcot and Hanea [42]. This method is vital for
identifying a robust architecture that exhibits minimal sen-
sitivity to variations in training data partitions. In this
study, the dataset was divided into five folds, and five dis-
tinct feed-forward DNN models were evaluated for perfor-
mance. These models, varying in complexity, each com-
prise fully connected hidden layers as detailed in Table 2.
The layers are denoted by “F” with subscripts indicating
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Figure 9: Training performance of the DNN model.
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Figure 10: Comparison of the time evolution of system states between
the nonlinear first-principles model and the DNN-predicted model.

the number of neurons in each layer. All hidden layers
utilize hyperbolic tangent activation functions, while the
output layer employs a linear activation function. This sys-
tematic evaluation ensures the selection of a DNN

Table 2: Comparison of models with different hidden layer configura-
tions and their corresponding average MSE with standard deviation

Model hidden layers Avg. MSE (x1072)
1 Fi28, F32, F1e 7.78 £ 0.95
2 Fases Fi2s, F32 5.14 + 0.47
3 Fs12, Fase, F32 4.99 £ 0.28
4 Fs12, Fs12, Fr2s, Fea 431+ 0.85
5 Fs12, Fs12, Fi2s, Fea 3.68 + 0.48




DE GRUYTER

0.307

|
o.25~}
0.201

0.15

MSE Loss

0.101

0.051 e e

0.00

0 20 40 60 80
Epochs

100

Figure 11: Training losses for five DNN models during five-fold cross-
validation.

architecture that balances complexity and performance,
optimizing the model’s ability to generalize to unseen data.

The models were trained for 100 epochs using the
Adam optimizer, with MSE as the primary loss metric.
The convergence of the learning curves during five-fold
cross-validation for all network configurations is depicted
in Figure 11. The learning curves demonstrate that models
with higher complexity, indicated by darker shades of red,
tend to converge faster and stabilize more effectively,
reflecting the models’ capacity to capture the underlying
dynamics of the system more accurately.

In addition, Figure 12 illustrates the average mean
squared error and their standard deviations across different
model architectures. The results show a clear trend where
increased model complexity leads to lower MSE values, indi-
cating improved predictive performance. However, this
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Figure 12: Average MSE and standard deviation.
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comes with the trade-off of increased computational cost
and potential overfitting, as evidenced by the greater varia-
bility in some of the more complex models. These findings
highlight the critical need to balance model complexity and
generalization capability when selecting the optimal architec-
ture for the vine robot’s dynamic model, ensuring both accu-
racy and robustness in real-world applications.

7.2 Closed-loop simulation

To evaluate the performance and capabilities of inte-
grating the DNN-based discrete-time dynamic model with
the MPC framework, we conducted a comparative analysis
between the DNN dynamic model and the first-principles
model across three tracking control scenarios: set-point sta-
bilization, obstacle avoidance, and trajectory tracking. The
MPC was designed using both the first-principles model and
the DNN model, allowing us to assess the performance
improvements offered by a data-driven approach in control-
ling a nonlinear dynamic system in real-time applications.
This comparison highlights the potential advantages of uti-
lizing DNN-based models for enhanced accuracy and effi-
ciency in complex control tasks.

7.2.1 Set-point stabilization

The performance of the proposed MPC, utilizing both DNN-
based and first-principles dynamic models, is evaluated based
on its ability to precisely track a desired setpoint in space.
This capability is particularly vital for applications such as
medical procedures, where the vine robot may be required to
deliver drugs accurately to a specific organ from its base. In
this study, the control objective is to guide the robot to a
specific position in Cartesian space, ensuring that it comes
to rest with the desired force. The target state is set as
r=1[03 -0.8 - 010002 x10%7, which includes the
desired position, velocity, and pressure.

The weighting matrices used in the MPC formulation
are W, = I; and W}, = 0.01%;, where I, denotes an n x n iden-
tity matrix, reflecting a balanced emphasis on state
tracking and control effort. These matrices were carefully
tuned to achieve optimal tracking performance, ensuring a
balance between accurate trajectory tracking and smooth
control input adjustments. The simulation is conducted
with a time step of T; = 0.08 s, and the prediction horizon
is set to N, = 20 steps. To ensure safe operation, the max-
imum allowable pressure By.x and air volume flow rate
Q.. are constrained to 241,325 Pa and 0.01 m%s,
respectively.
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Figure 13: Comparison of the closed-loop control performance of the DNN-based dynamic model and the first-principles model for set-point
stabilization simulation. (a) Position tracking p. (b) Length [ of the robot. (c) Pressure P of the system. (d) Stress response in longitudinal (oz) and
circumferential (gg) directions. (e) Volumetric flow rate (Q). (f) Angular velocity (w). (g) Stored lengths (L3, Ly, L3, and Ly) during the actuation process.
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In addition to the system constraints outlined in
Section 6, the robot’s position is further constrained within
the following bounds:

-4 4
-4 <p<|4].
-4 4

These constraints ensure that the robot operates within a
safe and feasible region while achieving the control objec-
tives. This scenario highlights the effectiveness of the pro-
posed MPC in maintaining precise control of the vine robot
under the specified conditions.

The dynamic model is initialized with initial state of

Xo=1[00.0500 0 0 0.05101,325]" + 1 = 107S.

Figure 13 compares the performance of the DNN-based
dynamic model with the first-principles model during
closed-loop control, illustrating the evolution of system
states, stresses, and actuation inputs over time.

In this comparison, both the DNN-based model and the
first-principles model achieve effective set-point stabiliza-
tion, with the DNN model showing slightly faster conver-
gence in the position states (X, Y, Z). The system length also
stabilizes more rapidly in the DNN model. In addition, the
figure highlights the efficiency of the actuation inputs
required for control. In the DNN model, the modulation
of the volumetric flow rate (Q) and angular velocity (w) is
smoother, resulting in more efficient transitions compared
to the first-principles model. The stored lengths (Lq, Ly, L,
and L,) exhibit a more controlled response under the DNN
model, particularly in minimizing the overall material
usage required to complete the task.

The results indicate that the average time taken by the
MPC solver to find the optimal control with the DNN
dynamic model is 2.2 times faster than using the first-prin-
ciples model. This improvement in computational effi-
ciency is particularly useful in real-time applications,
where the prediction horizon can be five times shorter
compared to that of the analytical model.

Overall, these figures highlight the advantages of the
DNN-based model in achieving quicker and more stable con-
trol responses while requiring less aggressive actuation. This
suggests that the DNN model can offer superior performance
in real-time control scenarios, providing a viable alternative
to more computationally intensive first-principles models.

7.2.2 Obstacle avoidance

In this section, the effectiveness of the proposed MPC is
evaluated in the context of obstacle avoidance, a crucial
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capability for navigating cluttered environments such as
archaeological excavation sites. The obstacle is positioned
at Xgps = [0.2 - 0.5 - 0.1]7 along the robot’s path to its
desired setpoint. The initial state x, prediction horizon
N,, desired state r, and sampling time T; are consistent
with those utilized in Section 7.2.1.

To ensure the robot successfully avoids the obstacle, a
nonlinear inequality constraint is introduced into the opti-
mization problem. This constraint enforces that the
Euclidean distance between the tip of the vine robot and
the center of the obstacle remains above a specified safety
threshold:

lp = Xopsll = 15 + 1, (36)

wherer, = 0.2 m and r, = 0.0399 m represent the radii of
the robot’s tip and the obstacle, respectively. This con-
straint is crucial for ensuring that the robot maintains a
safe distance from the obstacle, thereby preventing colli-
sions and ensuring smooth navigation toward the desired
setpoint.

The simulation results using both the DNN-based dis-
crete-time dynamic model and the first-principles model,
depicted in Figure 14, demonstrate that the proposed MPC
successfully navigated the vine robot around the obstacle
and achieved the desired setpoint. The corresponding
actuation inputs and system states during the obstacle
avoidance maneuver are shown in Figure 15.

The results confirm that the proposed MPC effectively
guides the vine robot in avoiding the obstacle while main-
taining the desired trajectory. Notably, the DNN-MPC

Ymj

mmmm Trajectory
HEl Obstacle
8 Start

# Goal

Figure 14: Simulation results of vine robot avoiding an obstacle in
Cartesian space.
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Figure 15: Closed-loop control performance comparison between the DNN-based dynamic model and the first-principles model during obstacle
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mmmm Trajectory
8 Start

Figure 16: 3D motion of the vine robot while tracking a time-varying
trajectory.

architecture significantly outperformed the MPC frame-
work based on the first-principles model in terms of com-
putation time, with the DNN-MPC being 7.2 times faster
than its counterpart. This substantial improvement in com-
putational efficiency highlights the DNN-based approach’s
potential for real-time applications, where quick decision-
making is crucial for effective obstacle avoidance and tra-
jectory control.

7.2.3 Trajectory tracking

In this final evaluation, a time-varying trajectory from the
dataset is used to assess the effectiveness of the proposed
MPC in tracking dynamic paths with the surrogate models.
This scenario is particularly relevant for applications
requiring a soft, reconfigurable, and deployable antenna,
such as those that need to assume various shapes like a
helix. The ability to accurately follow such trajectories is
crucial for ensuring the antenna’s functionality in diverse
operational environments.

All tuning parameters for the MPC, including the pre-
diction horizon, weighting matrices, and constraints, are
consistent with those presented in Section 7.2.1. This con-
sistency allows for a direct comparison of the controller’s
performance in both set-point stabilization and more com-
plex trajectory tracking tasks, demonstrating the robust-
ness and versatility of the proposed MPC framework.

Figure 16 illustrates the motion of the vine robot in
space while tracking a time-varying trajectory. The perfor-
mance of the proposed MPC, utilizing both the DNN-based
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dynamic model and the first-principles model, is presented
in Figure 17, along with the corresponding actuation inputs
to the system. The results show that the DNN-MPC archi-
tecture tracks the trajectory more effectively, achieving
faster convergence and more precise alignment with the
reference trajectory compared to the first-principles
model. Furthermore, the DNN-MPC architecture demon-
strates smoother and more efficient actuation, resulting
in better overall control performance compared to the
first-principles model.

Significantly, the DNN-MPC architecture outperformed
the first-principles model-based MPC framework in terms
of computation time, with the DNN-MPC being 11 times
faster. This substantial improvement highlights the DNN
model’s suitability for real-time control applications,
where computational efficiency is critical for responsive
and accurate trajectory tracking.

8 Conclusions

This study proposed a data-driven dynamic model of a
pressure-driven everting vine robot using a DNN architec-
ture as a discrete-time dynamic model to control its growth
and direction. The DNN model was trained using data gen-
erated by the nonlinear simulation of the first-principles
model of the everting vine robot. A K-fold cross-validation
approach was employed to assess the general performance
of the proposed DNN model for the vine robot, which sub-
sequently informed the selection of the optimal architec-
ture based on average MSE. The data-driven model was
then integrated into a MPC framework to evaluate its com-
putational tractability and effectiveness in controlling the
nonlinear dynamics of the vine robot.

The comparative analysis between the DNN-MPC and
the traditional MPC based on the nonlinear first-principles
model revealed that the DNN-MPC framework provided
superior control performance while significantly reducing
computation time. This indicates that the DNN-MPC frame-
work is a promising approach for efficient and effective
data-driven nonlinear control of soft robotic systems.

This work opens up several avenues for future research
and exploration. Although this study assumed full state mea-
surement, in practice, some states may be difficult to measure
directly. In such cases, state estimators like moving horizon
estimator can be employed to estimate unmeasured states
from the available measurements. In addition, other data-
driven discovery techniques, such as sparse identification of
nonlinear dynamics (SINDy), could be explored to develop
more parsimonious and interpretable models, offering
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greater insights compared to DNN models, which are often
considered black boxes and do not easily incorporate known
constraints.

Furthermore, DNN models typically require large
quantities of significant data to train effectively, especially
when dealing with the complex and nonlinear dynamics of
soft robots. This can be challenging to obtain and may limit
the model’s abhility to generalize beyond the training data.
To address this, physics-informed neural networks
(PINNs), which embed known physical laws governing
the system into the NNs, could be utilized. PINNs require
less training data compared to traditional NNs, thus pro-
viding a more robust DNN model that converges faster and
generalizes well to unseen data.

In applications involving human-robot interactions,
such as minimally invasive surgery, it is not sufficient to
control only the position and velocity of the vine robot.
Equally important is regulating how the robot responds
to forces exerted by its environment. To address this, an
impedance controller based on a DNN-discrete model is
essential for regulating the interaction between the robot’s
tip and the human body, where compliance and safety are
critical. Such approaches have the potential to significantly
enhance the performance, adaptability, and applicability
of DNN-based control systems across a wide range of soft
robotic applications.
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