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Abstract—Soft growing robots, as highly mobile pneumatic
membrane robots, are limited in control performance due to their
soft structure and nonlinear mechanical properties, especially un-
der dynamic conditions. Therefore, developing reliable control
strategies for the robot is essential. This study proposes a dual-
thread, goal-oriented control strategy for soft growing robot that
combines planning and control. By integrating graph convolutional
networks with deep reinforcement learning, the global path plan-
ning method is better suited to the self-growing behaviors of soft
robots, leading to improvements in both computational efficiency
and accuracy compared to inverse kinematics planning methods.
Motion control reduces the adverse effects of deformation errors
caused by its own low stiffness or by disturbances in the exter-
nal environment. This strategy effectively combines reinforcement
learning-based global planning with a multiple closed-loop motion
control system, addressing the issues of low precision and reliability
under dynamic conditions. Experimental results demonstrate that
therobot achieves a tracking accuracy of 11.83 mm within a S-meter
range and successfully tracks and approaches a non-cooperative
dynamic target. These results highlight the significant potential of
the proposed approach in applications such as target capture and
dynamic manipulation.

Index Terms—Modeling, control, and learning for soft robots,
motion and path planning, reinforcement learning.

I. INTRODUCTION

OFT growing robots provide key benefits for inspection
S and exploration in uncharted environments, such as flexible
movement, exceptional adaptability, and high safety [1], [2],
[3], [4], [5]. Since their creation, soft growing robots have been
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designed for tasks that involve soft contact and adaptive defor-
mation. However, their soft mechanical systems possess theo-
retically infinite degrees of freedom and exhibit complex motion
behaviors. This complexity hinders the ability to achieve reliable
motion intelligence under dynamic conditions. Therefore, it is
essential to develop intelligent systems specifically for these
robots to enhance their application in dynamic environments.
A variety of theoretical models and control methods are cur-
rently available for continuum soft robots [6], [7], [8], [9], [10].
Della et al. has conducted extensive research on their modeling
and control, including the use of Inertial Measurement Units
(IMUys) for pose estimation [11], the development of reduced-
order models that capture the theoretically infinite-dimensional
kinematic properties of soft robots [12], and investigations into
model-based control addressing system uncertainties and input
saturation [13], yielding promising results. Hawkes et al. [14],
[15] proposed a vision system integrated into the tip of a soft
growing robot that monitors the robot’s field of view in real
time. Coad et al. [16], [17], [18], [19] introduced various mo-
tion system designs for soft growing robots, making significant
contributions to their motion flexibility, reliability, and accuracy.
Selvaggio et al. [20] and Joseph D et al. [21] have focused on
growth path planning with obstacle avoidance, which achieves
robust path planning through robot-environment interaction and
greatly exploits the low inertia and compliant of soft robot
body. Connor et al. [22] proposed an approach for controlling
soft growing robots based on leveraging real-time position and
orientation measurements. In a statically constrained environ-
ment, the approach enables soft robots to be controlled with an
accuracy of about 4.5 mm. Yuki et al. [23] proposed an efficient
path planning method for soft growing robots with constraints on
bending angles. However, in the aforementioned work, the robot
system demonstrates low adaptability to dynamic environments.
To address the challenges in real-time environments,
Emanuela et al. [3] and A Sadeghi et al. [24] developed strate-
gies to respond to stimuli such as light, temperature, humid-
ity, and gravity, based on the multi-sensory capabilities and
tendency-based behaviors of plant. Enrico et al. [25] developed
a sensory-driven grasping strategy for continuum robots without
model assumptions. Reactive strategies endows the robot with
the ability to navigate and explore in real time but lacks the ability
to optimize movement when interacting with specific objects. In
order to avoid the dynamic accuracy defects caused by the global
planning and the inefficient exploration of the global optimum by
feedback control, this study focuses on the problem of real-time
tracking of dynamic targets by soft growing robots and proposes
a control strategy combining planning with feedback control.
Reinforcement learning, as a nonlinear self-modeling method,
has demonstrated powerful capabilities in control and planning
[26], [27], [28], [29]. Zhou et al. [30] and Nazeer et al. [31]
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Fig. 1. Control strategies for soft growing robot.

applied reinforcement learning to the motion control of con-
tinuum soft robots, achieving improved control accuracy and
planning results. Research related to reinforcement learning also
plays a significant role in motion planning for multi-joint snake
robots [32] and in the multi-stage dynamic control of soft robotic
hands [33], [34].

This work proposes a dual-threaded decision-making system
comprising two parts: robot motion control and global plan-
ning. The system can collect environmental data in real time
as feedback and autonomously drive the robot to track a non-
cooperative dynamic target. The planning method can take full
advantage of the growth behavior of the robot to quickly generate
high-precision and low-loss growth paths. In motion control,
multiple real-time feedback control systems are designed to
effectively correct motion errors caused by factors such as
insufficient stiffness or external friction. Finally, dynamic target
tracking experiments are designed to validate the accuracy of
both the method and the system.

II. CONTROL SYSTEM DESIGN FOR SOFT GROWING ROBOT

A. Robot System Design

Fig. 1 shows the goal-oriented control strategies for soft grow-
ing robots proposed in this letter. The control system consists of a
Policymaker and a Motion controller. The policymaker plans the
robot’s motion path by synthesizing state information as well as
delivers motion commands, and the motion controller completes
the closed-loop control of the robot’s motion based on the
signals returned from the robot’s sensors to ensure the accuracy
of the motion. At the same time, the motion controller forms
a comprehensive feedback by integrating multiple visual and
posture signals to assist the optimization of the policymaker’s
motion strategy, so that it can make real-time corrections to the
path.

Fig. 2(a) shows the structure and composition of the robot.
Robot system contains three parts: Base, Main Body and Tip.
Base stores the robot body and is equipped with a base cam-
era. Body is a multi-jointed soft robot composed of repetitive
single-jointed components. Tip is a tip-loading device that is
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connected to the robot, equipping with a tip camera. The robot’s
body is a cylindrical film structure. When working, air pressure
is generated inside the base and the body by an external air
source, and the body expands into a long cylindrical shape. The
internal pressure is controlled by a PID controller to maintain
the pressure at around +15kPa. The driver module and other
components are arranged on the inner surface of the body. When
the air pressure is sufficient, the tip of the robot will be subjected
to sufficient force to drive the robot to grow forward, while the
speed of the growth is limited by the rotation speed of the shaft
in the base. Each joint contains three motors, each of which
can drive a drive wire. The three motors and their drive wires
are evenly distributed on the circular cross-section of the main
body, separated from each other by 1/3 of the circumference.
With this distribution, the robot can turn 360° using motor drive.
As shown in Fig. 2(a), the drive wires are named A, B, and C,
separately. When C is driven alone, the robot can move in the
direction of the intersection between R1 and R3. When A and
C are driven together, the robot can move within the R1 area.
Similarly, driving any two motors can enable the robot to move in
any area of R1,R2 and R3, achieving omnidirectional movement
of the robot. Each joint contains an inertial measurement unit
(IMU) and control chips, which is used to control the motor and
provide feedback. The robot body is composed of the same joint
structure mentioned above, with each joint having a length of
Im, meaning that the drive motors are spaced 1m apart

B. Control System Components

As shown in Fig. 2(b), the control system can be divided into
four parts, which are soft robot, the visual representation, the
dynamic path planning, and the robot motion control. In terms
of hardware, the IMUs and the control chips are connected to
the robot bus, which is connected to the host computer, using the
CAN bus communication protocol. Joint detector are installed
inside the base to provide feedback on the number of joints that
the robot has grown. The ungrown body is stored in a roll on
the shaft of the motor inside the base, so the growing speed can
be controlled by the motor. The motor speed is controlled by
PID controller based on a reference speed. Software consists
of visual representation, dynamic programming (in host device)
and motion control (in slave device).

C. Control Method

The PCC model is particularly suitable for robots with high
flexibility, bendable structures, and no rigid joints [11]. The soft
growing robot in this work uses pneumatic membranes as its
body and utilizes wire drives to achieve joint movement, which
is characteristic of this type of robot [1]. Therefore, this work
uses the PCC model to model kinematics. Unlike traditional
PCC, the robot in this work possesses growing characteristics,
and growing variables need to be considered in modeling. As
shown in Fig. 2(c), the joint steering of the robot can be rep-
resented by the steering angle #,, and the deflection angle ,,.
The coordinate system O, ; can be regarded as formed by O,,
after a displacement and three rotation transformations, and the
displacement can be expressed as:

cos @y, -1+ (1 —cosb,)

no I3 sinp,, -7 (1 —cosb,)
Py = — 0n+7'osin9n M
0 0 O 1
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Fig. 2. Soft robot system. (a) Soft robot mechanical structure. (b) Control system design. (c) Pose solver for transforming sensor data into kinematic data. (d)

Control allocator for converting joint control quantities into motor control quantities.

where [ denotes the total length of a joint.  denotes the cross-
sectional radius of the robot body after inflation. Then the
rotation matrix from O; to O,, can be expressed as:

RZJrl = R(Zm @H)R(an en)R(Zm _@n) 2)
T7?+1 = P:+1RZ+1 3)
0
1 0
™ — Tl L T'n.72Tn71 3 4
1 2 n—1+n lt 4 %lt ( )
0 0 O 1

where /; with its derivative can represent the value of tip exten-
sion and the velocity. Due to the repeatability of joints, length
changes only occur at the tip joints, so the overall length change
can be expressed by the number of fully grown joints 7 and the
tip length /;.

According to the kinematics, the control system generates
references for each joint as 6,, and ¢,,, while the data fed back
from the IMU are Euler angles, therefore, a pose solver is needed
to convert the two to each other. As shown in Fig. 2(c), the Euler
angles «, (3, v denote the angles of rotation of the robot joints
around the x, y, and z axis, respectively, while the kinematic
parameters 6, © denote the steering and deflection angles of the
soft robot. According to the geometrical, the expression of 6, ¢
calculated from «, (3,  can be expressed as:

o=¢,6>0,7>0
p=m—¢,3<0,y>0
p=m+¢,8<0,7<0
p=2r—¢,>0,7<0

cos 3 - sin~y

/
, " = arctan -
7 ( sin 3+ 7

6 = arccos (cos(f3) - cos(7)) )

where 3, v denote the Euler angles, 6, ¢ denote the kinematic
parameters, and 7 is a minima preventing the denominator from
being 0. Since the soft robots do not have the body twisting
around the x-axis during the modeling process, « is not involved
in the calculation. This solver allows for the real-time conversion
of sensor feedback data into kinematic data, forming a feedback
that participates in control calculations.

As shown in Fig. 2(d), the cross-section of the robot body
taken at the position of the drive motors is the steering plane
of the robot. As in the front view of the robot in Fig. 2(d), the
reference of the control (blue) and the current feedback of the
robot (green) can be represented in polar coordinates on the
steering plane of the robot, and the reference minus the feedback
is the current error (light red). According to the arrangement
position of the drive wire, the robot joint steering plane is divided
into three regions by the drive wires A, B and C. By calculating
the coordinate values of the projection points e 4, ¢ g and e of
the error coordinate point (light red) in the directions of A, B
and C, the distance between the current and target positions of
the robot joints in the three drive directions can be solved. This
distance is the input error E of the steering motor controller, and
these three values E 4, E', and E ¢ can be expressed respectively
as: (6) to (8) shown at the bottom of the next page

By inputting the values of E 4, E'p, and E ¢ into the controller,
the controller will output control signals to drive the robot in the
direction of the reducing error, and eventually the robot’s head
will point in the reference direction.
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Similarly, when performing tip vision control, it can be
achieved if the error is replaced with the vision error. In the
case of multi-joint control, single-joint control methods can be
equivalently applied to multi-joint control due to the repetitive
structure and joint detector.

III. GROWING PATH PLAN FOR SOFT GROWING ROBOT

Motion control methods are accurate and fast, but they are
unable to plan the robot’s motion globally, thus often resulting in
local optimization. To compensate for this limitations, this work
establishes the GAT-RL Growing algorithm for soft growing
robots based on PPO algorithm. The algorithm can operate
the robot to move close to the target by outputting control
commands. Compared with the IK-based methods, this method
incorporates graph data representation of the environmental state
and the growth properties to match the mechanical behavior of
soft growing robots.

A. Planning Method for Soft Growing Robot

As shown in Agent part of Fig. 3(a), the Actor network and
Critic network of RL. Agent are built with similar structure, both
of them contain two layers of Graph Attention and two layers
of tanH activation function. And then the Actor network outputs
the action value via two liner layers, and the Critic network
outputs the state value from the liner layer with one output
dimension. The last layer of the Actor network uses the tanH
activation function layer. The value domain of TanH is [-11], so
it can effectively control the size of the value when outputting.
Accordingly, the target networks are included in the Agent, and
the soft update is used to update the networks to stabilize the
training process.

Graph State Space: In the state space, in order to achieve
efficient goal orientation as well as complete motion feedback,
this work represents robot joints as well as targets uniformly
as nodes of graph data. In the node features, the kinematic
and positional information of the object is added. The nodes
are connected by dynamic edges. The node features as well as
the information of the edges will change according to different
states, fully describing the relationship between the robot’s joints
and the target in each growth phase, giving the decision maker
a sufficient information base. As shown in the State Graph part
of Fig. 3(a), the feature can be represented as:

)
(10)

fr= (0, 0i, i, i, 2i)
fT = (07O7$t7ytazt)

where 6, ¢ denote kinematic parameters, x, y, z denote joint end
coordinates, i represents the i-th joint, and 7 represents the target.
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The number of edges in the graph depends on the growing
state, and changes dynamically according to the growth of the
robot. For example, if the robot currently grows n joints, and
there are n-1 edges between joints and n edges between joints
and targets, there will be a total of (n-1)+n edges in the graph.
Fig. 3(a) shows the number of edges for n = 5.

The above analysis then leads to the construction of the feature
matrix F and the adjacency matrix A’ of the graph. The state
space of a fully grown five-joint robot can be represented as:

01 p1 1 oy &
s_lp_ |t SN
(o Pn Tn Yn Z2Zn
0 0 = w2z
1 1 0 0 0 1
A = : : : (11)
000111
1 11110

Action Space: The Action space can also be considered as the
robot’s motion commands. Unlike other soft robots, soft growing
robot achieves body extension by the eversion of the tip, while
the joints will maintain their position without displacement.
Based on such characteristics, this work introduces the growing
mark g. The activation or deactivation of g in the program
determines the growing action of the robot. At the same time, in
order to take advantage of joint fixation, the motion commands
in this work will not cover the whole joints of the robot, and the
joints that receive the motion commands will gradually move
forward as the robot grows,. The active joints will always remain
at the tip. The advantage of this approach is that it can minimize
the impact of the soft robot’s low stiffness or external forces on its
motion. When a robot grows to a length exceeding 2 or 3 meters
(two or three joints), the drive generated at the root position is
difficult to transmit to the tip of the robot. Even if transmission
is possible, it is difficult to ensure accuracy, which can cause
vibration, drive failure, and other problems, resulting in the loss
of some or even all of the system’s functionality. In addition, this
approach can reduce control dimensions and improve control
stability. As shown in the Action part of Fig. 3(a), the action
space of Agent can be represented as:

Ar=lg.vf o vf ] (12)
Where A; represents the Action of the Agent at the /-th step,
and g represents the self-growing mark. v, v¢ - -+, v/ - - - rep-

resent the growth velocity, the steering angular velocity and the
deflection angular velocity. The value of both angular velocity
is determined by the number of active joints. Due to the value

B, = d, LY +3X >0 =
—d1,—LY +3X <0

V3 3
B {d2,4Y+ <o,

dy, BY +3X >0

Ec=Y

2 2
(me jx> + (;y _ fx) ©
Vio 3\ (1, Vi)
TY X Ay X (7
3)
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Fig. 3.

Path Plan Algorithm for Soft Growing Robot. (a) Algorithm Frame. (b) Comparison results between RL, RL Growing and GAT-RL Growing. (c)(d)(e)

Comparative results between GAT-RL Growing methods and Kinematics methods. (f) Data-based interaction of algorithms with real-world environments.

domain of the tanH, the value of g will be in the interval [-11],
therefore, the growth action of the robot will be set to grow
forward when g>0, and stop growing when g<0. Then, in the
initial state, the robot will take a probability of 0.5:0.5 in the
judgment of whether to grow or not. By introducing g to control
growth, the impact of network output errors on growth motion
can be mitigated, allowing the robot to remain stationary when
growth is not required. Similarly, the values ofvy, vf, vf are
in the interval [-11] and can be deflated to adjust their value

domains to the correct position, for example:
of = (v +1) - (13)

Where /] denotes the value output dlrectly from the network,
while v/ denotes the value after performing the value domain

adjustment, and ¢, denotes the maximum value that can be
accepted, so the new value domain is [0, ¢4], as expected.
Similarly, Uz and v/ can be adjusted by the same way. Since
the controlled object is the parameters of each joint, the change
in length is represented as the number of fully grown joints in
the feedback. The growth speed generated by the planner is used
to calculate the optimal path, while the actual growth speed of
the robot is controlled by the growth motor.

Reward Function: The reward function used in this work can
be expressed as:

R

ho(=1+raq—rp) (14)
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where R denotes the reward at a certain moment, A is the
adjustable parameter, ra ¢ is Potential-Based Reward, and r,
is the Energy Dissipation Reward.

Potential-Based Rewardra4:

rad = Ad - (cos B+ 1) (15)

Where Ad denotes the variation in the distance between the
robot position and the target position, the larger the value of Ad,
the stronger the tendency of the robot to make a transfer to a
state close to the target. 8 denotes the angle between two lines
connecting the robot and the target in two neighboring moments,
and the larger the value of cos/3, the stronger the tendency of the
robot to transfer to a state toward the target.

Energy Dissipation Rewardr),:

rp=m1-|Ag| +m2- 1 (16)

Where Ay and n denote the vectors consisting of the steering
angle of the joints and the number of joints that have been grown,
respectively, so that these two values are added as penalties to
the reward function, which can reduce the unnecessary steering
and growth of the robot, and optimize the path complexity and
energy dissipation. After reaching the target point or reaching
the limit of the number of optimization steps, a Done Reward is
generated and the Episode is ended.

Done Reward Rgope:

Rdone =
Rdone =—-1—A- Tp, ifReachthelimit

1—Xx-7p, ifgoal (17

(18)

Where 1 and —1 are used as the limiting values of the gain,
when the target is not reached but the limit of the optimization
step is reached, the reward will be close to —1, and when the
target is reached, the reward will be close to 1, which can reduce
the difficulty of training and speed up the convergence.

Loss Function: The loss function represents the updating di-
rection of the parameters of the Agent network. The loss function
mainly contains estimated state value loss £(w) and action value
target .JJ(0), which correspond to the parameter optimization of
Critic network and Actor network, respectively. Meanwhile, in
order to encourage the Agent to take more aggressive strategies
and avoid falling into local optimality, differential entropy % of
the strategy distribution sampled by action A is introduced to
enhance the uncertainty of its output. Therefore, the loss func-
tion in this work contains three parts, which can be expressed
as:

Liotar = k1 - L(w) —ky - J(O) — ks - h (19)
L(w) =E [(R—5(S,w))? (20)
J(0) =E;s gy [E v — 0] - w(als, 0)] (21

where £(w) is the mean square error between the actual reward
and the state value estimate, .J () is the mathematical expecta-
tion of the action value, and k;, ko, and k3 are the coefficients.

B. Growing Path Plan

By tracking dynamic targets during training, the reward
performance of the agent will eventually converge. Fig. 3(b)
shows the training data of three methods. RL indicates that
deep reinforcement learning is directly used to fit the inverse
kinematics model of the soft robot, RL Growing indicates that
growth markers are added to reinforcement learning to realize
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growing planning, and GAT-RL Growing indicates that graph
convolution and growing planning are simultaneously combined
into reinforcement learning. It can be seen that the RL method
is difficult to achieve convergence, and the RL Growing method
has slower convergence and worse long-term rewards. While the
GAT-RL Growing method can achieve fast convergence with
higher long-term rewards.

Fig. 3(c), (d), and (e) represent the performance comparison
between GAT-RL Growing and inverse kinematics planning
methods in terms of computational efficiency, error, and path
complexity, respectively. Ten dynamic points are randomly se-
lected in the robot’s workspace, and the two methods are utilized
to plan multiple times and compare the results. The horizontal
axis represents the initial distance of the 10 position points from
the robot base in the Z-axis direction, which is also the initial
robot orientation. In addition, since soft robot steering causes
not only deformation errors but also control errors, the path
complexity in Fig. 3(e) is measured as the modulus of the vector
consisting of the robot steering angles. From the figure, it can be
seen that GAT-RL Growing has the advantage of accuracy and
stability in the comparison, which confirms the effectiveness of
the method in this study.

As shown in Fig. 3(f), in a time step #;, the Agent will collect
a variety of data from the environment and convert it into graph
data S;, which is input into the Agent network. Agent will use
this as the initial state to plan many times, and finally select the
planning result with the highest reward R as the output A;. The
output will be converted into contorl commands to be transmiited
to the robot. The robot motion may be not synchronized with
the Agent planning, but the latest data is acquired. Compared to
synchronous planning, this approach prevents the Agent from
falling into a local optimum that leads to failure, while enabling
continuous optimization of the generated paths. The control
system continuously loops the execution of the above process
at each time step, then the robot continuously moves in the
direction of the target. After several time steps, the robot will
eventually get closer to the target, at same time, the distance
between the robot tip and the target to determine whether the
Stop sign is true, if it is true, then stop, otherwise continue to
execute until it reaches the target.

IV. EXPERIMENTS

In order to verify the correctness of the method, target tracking
experiments are designed in this work. As shown in Fig. 4(a),
this work builds an experimental site for testing the tracking
performance of a soft growing robot. The position data in the
experiment was measured by a motion capture system.

Before performing the dynamic target test, the tracking accu-
racy of the robot system was measured. A total of 50 tracking
sessions with different target initial positions were conducted in
the experiment, and the final experimental results were obtained
as shown in Fig. 4(b), (c). In Fig. 4(b), the relative distance
between the robot and the target over time is shown. The dis-
tance at Os shows the initial distance between the robot and the
target. In all experiments, the target initial with dimensions of
4.8 m x 1.2 m. In 25% of the experiments, we changed the
initial orientation of the robot to test robots’ robustness to this.
In Fig. 4(c), the relative position between the robot and the target
after the robot reached the target in all experiments is shown. In
the figure, L; denotes the distance from the center to the edge of
the target and L;, denotes the distance from the robot tip to the
position capture point. Together, they form an unreachable area
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Fig.4. Experimental Methods and Results. (a) Experimental site. (b) Distance variation results for accuracy experiments. (c) Relative distance results for accuracy

experiments. (d) The process of a tracking experiment on a dynamic target.

around the target. In all experiments, the robot tip reached the
target. After removing the unreachable area, the mean error of
the experiments was about 11.83 mm.

As shown in Fig. 4(c), there are individual experiments with
large errors. The reason for this situation is that when the robot is
very close to the target, the target undergoes rapid displacement.
The robot was able to reach the target, but there was a deviation.

Fig. 4(d) illustrates a dynamic target tracking experiment. At
60s, controlled by the planning program, the robot completed
the first turn and determined the forward direction. At 170 s, the
robot moves forward, and the target also moves. At 300 s, the
target stops moving, while the robot turns toward the target. At
760 s, The target moves again, and the robot turns its tip joint
toward the target.At 870 s, the robot successfully reached the
target position.

The data in Fig. 4(d) are derived from the sensing feedback.
The red dotted line indicates the planning path, the green line
indicates the robot pose, and the blue square indicates the target
position. At 870 s, it can be seen that there is a small difference
between the path and the pose, mainly due to the fact that when
the distance is far away, the base vision has a lower accuracy.
At this point, the robot relies on the tip vision to make precise
adjustments. The experiments proved the effectiveness of the
proposed method.

V. DISCUSSION

Learning-based models exhibit inherent inaccuracies, mit-
igated partially by closed-loop control but still reliant on
precise environmental feedback. Our visual localization for

non-cooperative targets performs well generally, but fails under
darkness, strong light, or physical occlusion, necessitating alter-
native feedback mechanisms. Sim-to-real transfer remains chal-
lenging. To address sensor noise (vision, IMU), only basic filters
were employed; future work could reduce errors further via
circuit and transmission optimization. Joint fixation minimizes
movement errors from external forces (e.g., friction) by localiz-
ing actuation to the robot tip. Asynchronous path optimization
and real-time data updates mitigate execution latency. Future
enhancements include incorporating force sensors to model
contact forces within planning, and predicting robot states (e.g.,
pose, deformation) for global state estimation. Experiments were
conducted indoors without physical obstacles or large-scale 3D
motion, constrained by the robots’ low stiffness; small-scale
3D motion was achieved (see supplementary movies). While
the controller incorporates 3D capabilities, adapting to com-
plex unstructured/outdoor environments requires future work
on enhanced environmental perception, semantic understanding,
robot-environment interaction modeling, optimization of visual
hardware (e.g., filter plates), and novel detection methods.

VI. CONCLUSION

This study proposes a dual-thread control strategy—
combining global planning and motion control—to enhance the
dynamic target tracking performance of soft growing robots.
In terms of global planning, the integration of graph convolu-
tional networks with fully connected neural networks improves
the performance of deep reinforcement learning in growing
path planning for soft robots. Compared to Inverse kinematics
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planning methods, the proposed approach offers improvements
in accuracy, computational efficiency and path complexity. In
motion control, the control system reduces the motion error
of the soft robot with the feedback data streams. Experimental
results demonstrate that the robot achieves a tracking accuracy
of 11.83 mm within a 5-meter range. Moreover, the robot is
capable of tracking and approaching non-cooperative dynamic
targets, proving the effectiveness of the proposed control strategy
in dynamic control tasks. In summary, this work outlines the
principles of the control strategy and the construction of the
control system, evaluates the target tracking performance of the
soft robot, and provides a theoretical foundation for the practical
application of soft growing robots.
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