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Reinforcement learning-based obstacle avoidance
for continuum robots

Jakub KOLOTA @ and Turhan Can KARGIN

This work presents a reinforcement learning framework for controlling a planar three-
section continuum robot in environments with static obstacles. Assuming constant curvature
for each section, the robot is trained to navigate toward a fixed goal while avoiding collisions
with multiple static objects. A custom simulation environment was developed to support three
levels of scenario difficulty, easy, medium and hard, each with varying obstacle density and
placement. The learning process is driven by the Deep Deterministic Policy Gradient (DDPG)
algorithm, which enables smooth and continuous curvature control. Careful attention was paid
to the design of the reward function and the network architecture, both of which were critical to
achieving stable and reliable policy learning. Performance was evaluated across multiple runs,
revealing that the agent successfully generalized its behavior across scenarios of increasing
complexity. The proposed framework demonstrates the potential of reinforcement learning as
a viable approach to safe and adaptive control in continuum robotic systems, with promising
implications for applications such as medical navigation, search and rescue, and inspection in
confined environments.
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1. Introduction

Continuum robots are an innovative class of robotic systems characterized
by their flexible, deformable segments that emulate the movements of biological
structures such as tentacles and trunks [1]. Unlike traditional rigid-joint manipu-
lators, continuum robots exhibit continuous bending along their length, enabling
them to perform complex tasks in constrained and dynamic environments [2].
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This inherent flexibility allows continuum robots to access areas that are chal-
lenging for conventional robots, making them particularly valuable in applications
requiring precision and adaptability. For example, they are increasingly used in
minimally invasive surgery, where their ability to navigate confined spaces with
minimal disruption is critical [3—6]. In addition, continuum robots are deployed
in industrial pipeline inspections to traverse complex pathways and in search-and-
rescue operations to maneuver through debris and confined spaces [7-9]. These
unique features, combined with their potential for high degrees of freedom, po-
sition continuum robots as a transformative technology in robotics, capable of
addressing the demands of challenging operational environments.

Controlling continuum robots presents significant challenges due to their
nonlinear behavior and continuously deformable structures. Unlike rigid manip-
ulators, continuum robots lack discrete joints, resulting in complex equations
that describe their kinematics and dynamics. These equations often exhibit high
degrees of nonlinearity, making analytical modeling and traditional control strate-
gies impractical for many real-world scenarios. Additionally, their infinite degrees
of freedom introduce uncertainties that conventional methods, such as PID, op-
timal control, or predictive control, struggle to address effectively [10]. To over-
come these limitations, Al-based learning systems have emerged as promising
alternatives. Neural networks and reinforcement learning (RL) approaches, in
particular, offer the ability to adaptively learn control policies through interaction
with the environment, eliminating the need for precise mathematical models. RL
frameworks have shown their potential to manage complex control tasks for con-
tinuum robots, providing flexibility and robustness in dynamic and constrained
environments [11]. This paradigm shift towards Al-based control represents a
significant advancement in addressing the inherent complexities of continuum
robot control.

RL has emerged as a transformative approach for controlling continuum
robots, offering unparalleled flexibility, adaptability, and the ability to manage
complex nonlinear dynamics. Unlike traditional control methods, RL does not
require precise mathematical models; instead, it learns optimal control policies
by interacting with the environment. Frameworks such as the deep determinis-
tic policy gradient (DDPG) have shown significant promise in this domain. For
example, DDPG has been successfully applied to planar and spatial continuum
robots, allowing autonomous movement within the task space and demonstrating
its potential to achieve position-reaching tasks [12, 13]. Moreover, the design
of RL environments, particularly reward functions, has been shown to critically
influence algorithm performance [14]. Beyond basic control, RL has also been
leveraged for obstacle avoidance tasks in other types of robotic system; for exam-
ple, combining DDPG with Hindsight Experience Replay (HER) has achieved
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successful navigation in both simulated and real 6-DOF robots [15]. Further
advancements include the development of the ensemble light-weight model-free
reinforcement learning network (ELFNet), which improves sample efficiency and
control performance for soft robots with multiple passive degrees of freedom [11].
These studies underscore the potential of RL-based frameworks for addressing
the unique challenges of continuum robot control, paving the way for enhanced
adaptability and autonomy in complex environments.

Static obstacle avoidance represents a critical enhancement to the control
framework for continuum robots, allowing them to navigate environments with
increased safety and precision. This feature addresses the challenge of avoiding
collisions with stationary objects, a capability essential in many real-world appli-
cations. For example, in surgical robotics, the ability to avoid anatomical struc-
tures while accessing target sites ensures minimal invasive damage and improved
patient outcomes. Similarly, in pipeline inspection, obstacle avoidance allows
robots to traverse intricate pathways without causing structural harm, while in
search and rescue operations, it ensures safe navigation through debris and con-
fined spaces. Incorporating static obstacle avoidance into RL frameworks not only
improves the robot’s autonomy but also significantly enhances its adaptability to
unstructured environments. This innovation bridges the gap between theoretical
advancements and practical applicability, ensuring that continuum robots are bet-
ter equipped to perform complex tasks in constrained and hazardous settings. Un-
like prior continuum-robot RL studies that primarily demonstrate collision-free
reaching in a single task configuration or focus on algorithmic variants, this paper
emphasizes a static-obstacle avoidance with systematically increasing difficulty
and explicitly reports cross-scenario generalization under a fixed DDPG formu-
lation (state/action design, reward terms, and network architecture) [ 12—14]. This
positioning highlights the novelty of our environment and evaluation protocol,
which are designed to make obstacle-avoidance performance comparable across
difficulty levels.

Incorporating obstacle avoidance into RL frameworks for continuum robots
presents significant challenges due to the unique characteristics of these systems.
Continuum robots, with their flexible and continuously deformable structures,
operate in high-dimensional state-action spaces, making the design of effective
control policies inherently complex. Achieving stable and efficient training is fur-
ther complicated by the need to balance multiple objectives, such as minimizing
collision risks while optimizing path efficiency. Formulating a reward function
that appropriately captures these trade-offs is particularly challenging, as poorly
designed rewards can lead to suboptimal behaviors or prolonged training times.
Additionally, non-linear dynamics and infinite degrees of freedom in contin-
uum robots demand neural network architectures capable of capturing intricate
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patterns and dependencies, increasing computational requirements. These chal-
lenges are compounded when adapting RL algorithms such as DDPG to handle
static obstacle avoidance, as they must accommodate the continuous nature of the
robot while ensuring real-time decision-making. Addressing these issues requires
careful tuning of hyperparameters, robust reward engineering, and innovative ar-
chitectural designs, highlighting the complexity of integrating obstacle avoidance
into RL frameworks for continuum robots.

This paper makes the following contributions to reinforcement learning-based
control of continuum robots:

* We formulate planar three-section continuum-robot navigation as a
continuous-control obstacle-avoidance task and introduce three static-
obstacle scenarios (easy, medium, and hard) with systematically increasing
obstacle complexity.

* We implement a DDPG-based controller with continuous curvature-rate
actions and a state representation that includes goal information and ob-
stacle distances. Stable learning is enabled by a carefully crafted reward
design that combines goal-distance, progress, time, and obstacle-avoidance
terms, together with an empirically selected network architecture and hy-
perparameters to address challenges such as stable training, efficient policy
learning, and computational efficiency.

* Using a single learning setup, the policy can be trained across increasing
scenario difficulty, achieving success rates of 94%, 89%, and 79% in the
easy, medium, and hard cases, respectively, with convergence within 900-
1500 episodes.

The remainder of the paper is organized as follows: Section 2 presents the
continuum-robot kinematic model, Section 3 details the reinforcement learning
formulation and DDPG method, and Section 4 and Section 5 present the experi-
mental setup and results.

2. Kinematics modeling of the continuum robot

Continuum robots differ fundamentally from traditional rigid-link robots in
that they do not possess discrete joints. Instead, they are composed of a continuous
flexible backbone that allows them to perform smooth, highly dexterous move-
ments, making them well-suited for constrained environments such as surgical
robotics, industrial manipulation, and search-and-rescue operations. Modeling
the kinematics of continuum robots presents unique challenges due to their flex-
ible and continuously deformable structure. To address these complexities, a
common approach is to adopt the constant curvature assumption, which simpli-
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fies the representation of the robot shape while maintaining its key characteristics.
Under this assumption, each section of the robot is modeled as a circular arc with
a constant radius of curvature. This assumption is particularly useful in practical
applications, as it allows for an analytical representation of the robot’s shape
while significantly reducing computational complexity.

We consider a planar continuum robot composed of three serially connected
constant-curvature sections. Sectioni € {1, 2, 3} is parameterized by its arc length
l;, curvature «;, and bending angle 6;, where 6; = «;/;. Kinematic quantities are
expressed with respect to a fixed base frame {0} attached to the robot base,
intermediate section frames {1}, {2}, {3} attached to the end of each section.

2.1. Constant curvature assumption

The constant curvature assumption simplifies kinematics by assuming that
each section of the robot bends in a uniform arc, characterized by a single
curvature value. For section i, we use the curvature k; and arc length /; as inputs,
and define the bending angle as 6; = k;l;. Using this assumption, the position
and orientation of the end-effector of a single-section continuum robot can be
determined by integrating the curvature along the arc length. [16] obtained the
transformation matrix defining the position of the endpoint in a homogeneous
form using the modified Denavit—-Hartenberg (DH) convention to express the
relative transforms between successive section frames for forward kinematic
analysis. This matrix is given as follows:

- 1 -
cosf; —sinf; 0 —(1 —cos6;)
Ki
1
T; = |sin@; cos@; O — sin 0; (D)
K-
o o0 1 0
0 0O O 1

where we obtain the position information defined as (x, y), which represents the
Cartesian coordinates of the endpoint relative to the base frame.

For continuum robots consisting of multiple sections, the overall transfor-
mation matrix is obtained by chaining the transformation matrices of individual
sections. For a three-section continuum robot, the final transformation from the
base to the end effector is given by:

Thna = T 1215 (2)

where each 7; represents the transformation matrix for section i. Here, 7; =
=1T(k;, I;) denotes the homogeneous transformation from frame {i — 1} to frame
{i} parameterized by the section curvature «; and section length /;. In the planar
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setting considered in this paper, the full configuration is therefore given by g =
[k1, k2, k3]T (with fixed [;), and the end-effector pose with respect to the base
frame follows from °T3 = 7y 75 2T5. Since 6; = «;1;, the independent kinematic
parameters required by the transforms are precisely the pairs (k;, [;), all of which
are indicated in Fig. 1.

YA <>
DT >r=1_
K
v "’"A >
(0,0) X

Figure 1: Ilustration of a continuum robot modeled using the constant cur-
vature assumption. A single-section continuum robot where the bending is
characterized by a constant curvature «, an arc length /, and a bending angle 6,
with 6 = «l

By defining a continuum robot as a series of these transformations, its forward
kinematics can be derived in a structured manner. In this work, we adopt the
modified DH based approach [16] to compute the position of the end-effector
while integrating the constraints of obstacle avoidance in subsequent sections.

The choice of constant-curvature modeling combined with the DH formu-
lation provides a computationally efficient means to describe continuum robot
motion, forming the foundation for reinforcement learning-based control. The mo-
tion of continuum robots is determined not only by their configuration, but also
by the velocities of their actuators. Unlike traditional rigid-link robots, continuum
robots bend continuously, requiring a different approach to velocity modeling.
Velocity kinematics is crucial in motion planning as it allows us to calculate
how changes in actuator input affect the movement of the robot end-effector in
Cartesian space. Figure 2 illustrates the velocity kinematics of a three-section
continuum robot, showing how changes in curvature rates (K1, K2, K3) propagate
to the end-effector velocity (X, ¥). The motion of the end effector, represented by
the velocity vector, is determined using the Jacobian-based formulation, which
will be discussed in Equation (3).

The relationship between the curvature velocities and the resulting velocity
of the end effector is governed by the Jacobian matrix. Given a continuum robot
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Velocity Kinematics of a Continuum Robot

m— Section 1
m— Section 2
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Figure 2: Velocity kinematics of a continuum robot, illustrating the mapping
of curvature rates to end-effector velocity

with n independent sections, velocity kinematics can be expressed as:
x=Jq 3)

where: X € R is the velocity of the end effector in Cartesian space (e.g., linear and
angular velocities), J € R™*" is the Jacobian matrix, which maps the joint space
velocities to the Cartesian space velocities and ¢ € R" represents the velocity of
the joint parameters (e.g., curvature rates). For a planar three-section continuum
robot, the configuration space consists of the curvature values k1, k2, k3. The state
space can be defined as:
q = [k1,k2,k3]" (4)
The time derivative of the configuration variables, ¢ = [&1, k2, k3]”, repre-
sents the rate of change in curvature in each section. Using forward kinematics,
we can derive the Jacobian matrix elements as:

ox Ox Ox

R
T=1oy oy oy )

aKl (9K2 8K3

As seen in Figure 2, each section of the continuum robot bends with a distinct
curvature (k1, k2, k3). The combined effect of these curvatures defines the overall
robot posture and influences the velocity of the end-effector. The Jacobian matrix,
as defined in Equation (3), captures this mapping by relating curvature velocity
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to Cartesian velocity. This transformation is critical in motion planning, where
small adjustments in & result in desired movements in Cartesian space.
In robotic control, the Jacobian matrix provides essential information for
motion planning:
* It allows mapping from actuator velocities to Cartesian velocities, which is
critical for trajectory execution.

* The inverse Jacobian can be used for inverse kinematics, computing required
curvature changes to achieve a desired end-effector velocity.

 Singularities can be analyzed by examining the Jacobian determinant, pro-
viding insights into configurations where motion control becomes problem-
atic.

Numerical computation of the Jacobian. We compute the Jacobian numerically
from the forward kinematics mapping x = T(q, [), where x = [x, y]’ denotes the
end-effector position and q = [, k2, K3]T the section curvatures. The Jacobian
J =0T(q,1)/dq € R is approximated via forward finite differences:

~ T(q+€’l) —T(q—E,l)
- 2e '

where € represents a small change in q, (we use € = 0.001 in all experiments). Us-
ing the Jacobian-based velocity formulation, reinforcement learning algorithms
can learn effective control policies by optimizing ¢ to achieve desired end-effector
motions while avoiding obstacles. In the proposed framework, the Jacobian is used
inside the RL simulator for velocity/state propagation, rather than as an explicit
trajectory-planning method. The next sections build upon this foundation to de-
scribe how reinforcement learning is leveraged to control the continuum robot
efficiently.

J

Assumptions and limitations. The kinematic model assumes (i) planar motion
(2D workspace), (ii) fixed section lengths /;, so that the control inputs act through
the curvature variables. In addition, the environments considered in this study
contain only static obstacles; dynamic interactions and external disturbances are
not modeled.

2.2. Modifications for obstacle avoidance

The standard kinematic model of a continuum robot defines its motion based
on the constant curvature assumption and velocity kinematics. However, in real-
world environments, the robot must avoid collisions with static obstacles while
reaching its target position. This requires incorporating obstacle constraints into
the kinematic framework. To integrate obstacle avoidance into the kinematics,
we define a modified task space representation where obstacles act as constraints.
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The task space is formulated as:
T ={(x,y) €R*| (x,y) ¢ O} (6)

where: 7~ represents the feasible task space for the robot and O = {(x,, y,)} is
the set of obstacle positions in the environment.

A feasible trajectory must ensure that for all time steps #, the robot’s end-
effector position (x;, y;) satisfies:

V(x0,¥0) € O, |(xt, y1) = (X0, o)l > dsate ()

where dg,f 1S the minimum safety distance required to avoid collisions.

In reinforcement learning, obstacle constraints are enforced through the re-
ward function. The reward function is modified to include a penalty term Ropg
that discourages the robot from approaching obstacles:

kpenalt
R = Rgoal - Z —— ()
oc0 1Cxr = X0,y = Yo)ll

where: Rgoq is the original reward for reaching the target and kpeparty is a weight
that controls the penalty strength for proximity to obstacles.

This formulation ensures that the reinforcement learning agent learns to nav-
igate around obstacles while minimizing deviations from the optimal path.

By modifying the velocity kinematics and reward function, the robot:

* Maintains a safe distance from obstacles using Equation (7).

* Learns an efficient trajectory through reinforcement learning, balancing
goal-reaching with collision avoidance using Equation (8).

These modifications ensure safe and efficient motion planning in environments
with static obstacles.

3. Reinforcement learning framework
3.1. Markov Decision Process (MDP) formulation

In reinforcement learning (RL), the control problem is framed as a Markov
Decision Process (MDP), where the agent (continuum robot) interacts with the
environment to maximize cumulative rewards. The MDP is defined as a tuple:

M=(S, A P,R,y) 9

where: S is the state space, representing the robot’s perception of the environment,
A is the action space, defining the robot’s control inputs, P(s’|s, a) is the transition
probability function, R(s,a) is the reward function that guides learning and
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v € [0, 1] is the discount factor, determining future reward importance. The state
space § includes essential information for the robot to navigate its environment.
The state vector at time step ¢ is defined as:

St = [Xta Yts Xgoals Ygoals dobsl, dobsz» ceey dobs,-] (10)

where: (x;,y;) is current end-effector position, (Xgoal, Yeoal) 18 goal position and

dobs, = V (Xobs; — X1)% + (Yobs; — y1)? defines distance to the i-th obstacle. In other
words, s; collects the current end-effector position, the goal position, and the set
of end-effector-to-obstacle distances observed at time ¢.

The action space A consists of the time derivatives of the robot’s curvatures:

ar = [kl’k23k3] (11)

where: k; represents the rate of change of curvature for section i. Here, a; denotes
the continuous control command (curvature-rate vector) produced by the policy
at time 7.

The agent selects actions to adjust curvature dynamically while navigating
toward the goal.

The reward function R(s, a) is structured to encourage goal-reaching while
penalizing unsafe movements. The total reward function consists of:

R(ss, ar) = Rgoa1(51) + Rprogress (57) + Riime (57) + Robstacle (1) (12)
where:
Goal distance reward: A primary objective is reaching the goal efficiently. The
robot’s Euclidean distance to the goal determines a base cost:
_ 1 Crgoat> ygoat) = (x> yo)l
Il (Xgoal> Ygoat) = (X0, Yo) I

Progress-based reward: To promote efficient movement, the change in distance
from the previous step is rewarded:

Rgoal(st) = (13)

(previous error — current error)

R s =-2X 14
progress (51) initial distance (14
Time penalty: A small penalty discourages excessive time usage:

Riime(s¢) = 0.1 X At. (15)

Obstacle Avoidance Penalty: To avoid collisions, an increasing penalty is applied
for proximity to any obstacle:
Nobs

Robstacle ( St ) = dsafe

= |0, otherwise

dobs; :
] (1 - L) , iIf dobs,- < dsafe (16)
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where: Ngps is the total number of obstacles and di,¢. is the predefined minimum
safe distance from any obstacle.

Goal proximity bonus: A final positive reward is added when the robot is close
to the goal:

5% (002 - ||(xt,y,) - (xgoal’ ygoal)”)’
Ryoal_proximity (1) = if 11 e, ye) = (Fgoats Yeou) | < 0.02, (17)
0, otherwise.

This reward structure ensures:

 Path efficiency: The agent is penalized for slow movements and inefficient
detours.

* Obstacle avoidance: Smooth penalty gradients prevent the agent from
being trapped near obstacles.

* Balanced navigation: The combination of progress-based rewards and
obstacle penalties leads to smooth, adaptive movements.

By extending the reward function to support variable numbers of obstacles, the
continuum robot can be tested in environments with different levels of complexity.
This allows for a more generalizable reinforcement learning framework, enabling
experiments with varying obstacle densities and layouts.

Control loop and state update. At each simulation step ¢, the policy takes the
current state s, and outputs the continuous action a; = [K1, K2, #3]T. The simula-
tor integrates this curvature-rate command to update the curvature configuration
q: = [k1, k2, k3]7, computes the resulting end-effector pose (x;, y;) through for-
ward and velocity kinematics (Tfna), and evaluates obstacle proximity/collision
constraints using the end-effector-to-obstacle distances. The reward r; is then
computed from the goal-reaching, progress, time, and obstacle terms (Eq. (12)).
Finally, the transition (s;, a;, r¢, s;+1) is stored in the replay buffer for off-policy
DDPG updates (see Figure 3).

3.2. Deep Deterministic Policy Gradient (DDPG) algorithm

Reinforcement learning (RL) for continuum robots requires an algorithm
capable of handling high-dimensional, continuous control tasks. The DDPG al-
gorithm [17] is selected due to its ability to operate in continuous action spaces,
making it well-suited for controlling the curvature of a continuum robot. Unlike
traditional rigid-body robots, continuum robots require smooth and continuous
control of their curvature parameters («p, k2, k3). Standard RL algorithms such
as Deep Q-Networks (DQN) [18] are designed for discrete action spaces and are
therefore unsuitable for continuum robots.
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DDPG is an off-policy, model-free RL algorithm that extends the Determin-
istic Policy Gradient (DPG) method [19] by leveraging deep neural networks. Its
key advantages include:

* Handling Continuous Action Spaces: Unlike DQN, which discretizes
actions, DDPG directly outputs continuous-valued actions for smooth cur-
vature control.

* Actor-Critic Framework: DDPG utilizes separate actor and critic net-
works, which improve learning stability.

* Off-Policy Learning: Experiences are stored in a replay buffer, reducing
correlations between consecutive updates and improving sample efficiency.

» Target Networks for Stability: DDPG maintains slowly updated target
networks to prevent divergence in training.

DDPG operates using an actor-critic architecture, where the actor network
Hg(s) maps states to continuous actions and the critic network Q (s, a) evaluates
the expected return for state-action pairs. The objective of DDPG is to learn an
optimal policy u*(s) that maximizes the expected cumulative reward:

G(0) = Ey,~pu [Q" (51, o (s1))] (13)
where: Q*(s;, a;) is the action-value function under policy u and p* is the state
distribution induced by the policy.

Actor update (Policy gradient): The actor is updated using the deterministic
policy gradient:

VoG (0) ~ Boopr |VaQs (512 @),y ) Vot (51) (19)

a=po(s

where Vgug(s;) represents how the actor network changes with respect to param-
eters 6.

Critic update (Bellman equation): The critic network is updated by minimizing
the Temporal Difference (TD) error:

L(¢) =E[(y: = Qy(sr. a)’] (20)
where the target value y, is computed using the Bellman equation:
Ve =T+ 7Q¢’(Sz+1’/10'(st+1)) (21)

where: 1y is the discount factor and ¢” and 6’ are the parameters of the slow-moving
target networks.
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Target network update: To stabilize training, DDPG maintains target networks
for both the actor and critic, which are updated using soft updates:

0 —710+(1-7)¢ (22)

where 7 < 1 (typically 7 = 0.001) ensures gradual updates, preventing instability.
As shown in Table 1, DDPG is the most suitable algorithm for continuum robots
due to its ability to:

* Directly optimize continuous control signals without discretization.
* Provide deterministic action selection, leading to smooth control.

* Improve stability through experience replay and target networks.

Table 1: Comparison of DDPG with other RL algorithms

Algorithm Action space Policy type Suitability for CR
DQN Discrete Value-based Poor
PPO Continuous Stochastic Moderate
TRPO Continuous Stochastic Moderate
DDPG Continuous Deterministic Excellent

The selection of DDPG for continuum robot control is driven by its capacity
to handle high-dimensional continuous action spaces, ensuring smooth trajec-
tory planning and stable learning. Using actor-critic methods and replay buffers,
DDPG enables efficient learning of optimal curvature control strategies in dy-
namic environments.

3.3. Network architecture

The performance of the DDPG algorithm relies heavily on the design of the
neural network architecture used for both the actor and critic networks. Various
architectural configurations were tested to determine the optimal balance between
training stability, sample efficiency, and generalization capability.

3.3.1. Actor network

The actor network is responsible for mapping states to continuous actions,
i.e., the curvature rate changes k1, K2, k3. The function approximator is defined as:

a; = pg(s:) = mo(s¢16), (23)

where: s, is the state input (robot position, goal position, and obstacle distances),
mg represents the policy parameterized by neural network weights 6 and the output
a, represents the selected actions (curvature adjustments).
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Initialize robot and simulation parameters Policy / actor
1, qo, Goal, Obstacles, At St — [Xp, Xg,dops | X, = Jay
(x0, y0) = T(qo,1) LT

Update step

A

[Store (8¢, ar, res1» Sr+1)]
A

Y

( .
Calculate Reward W‘ X411 = X¢ + X At
done if success/collision/timeoutJ qr+1 = qr + ar At

Figure 3: Pipeline overview of the RL-controlled continuum robot simulation loop. The policy
outputs curvature-rate commands, which are integrated to update curvature parameters; forward
kinematics yields the end-effector pose, which is used to compute distances, reward, and transi-
tions stored for off-policy updates

The final architecture selected for the actor network consists of:
 Input Layer: State vector s; of dimension (6 + Nops), Where Ngps is the
number of obstacles.

* Hidden Layers: Three fully connected layers with [400, 300, 200] neurons,
respectively. ReLU activation for all hidden layers.

* Output Layer: Three neurons corresponding to the action vector k;. Tanh
activation to ensure bounded continuous action values.

Activation function choices for the actor network: The actor network was
tested with different activation functions. ReLLU activation provided the best con-
vergence and stability. Sigmeoid resulted in slower learning due to the vanishing
gradients. Tanh was selected for the final output layer to bound actions between
[—1, 1]. The complete function approximation of the actor network is given as:

a; = tanh(W30 (Woo (Wyis, + by) + by) + b3), (24)

where: W; and b; represent the weight matrices and biases of the layers and o (-)
denotes the ReLLU activation function.

3.3.2. Critic network

The critic network evaluates the action-value function Q (s, a), predicting the
expected return of a given state-action pair. The function is defined as follows:

Q(b(st’at) = fqb(st,at), (25)
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where: s; represents the current state, a; is the selected action and fy is the
function parameterized by network weights ¢. The final architecture for the critic
network consists of:

* Input Layer: Concatenated state-action pair (s;, a;).

* Hidden Layers: Three fully connected layers with [400, 300, 200] neurons,
respectively. ReLU activation for all hidden layers.

e Output Layer: Single neuron producing Q(s,a). Linear activation to
allow unrestricted output range.

Activation function choices for the critic network: Different activation func-
tions were tested. ReLU provided stable training and efficient learning. Leaky
ReLLU was tested but did not significantly improve performance. Tanh and Sig-
moid were avoided in hidden layers due to saturation effects. The critic network
function approximation is given as:

Q4 (s1,a;) = W3o(Wao (Wi [s,a;] + b1) + bo) + b3, (26)

where: [s;, ;] represents the input of the concatenated action of the state, W; and
b; denote the weights and biases of the layers.

3.3.3. Experimentation with different architectures

To optimize performance, several architectural variations were tested:

Table 2: Comparison of different neural network architectures

Architecture Hidden layers Activation functions Performance
Al [256, 128] ReLLU Unstable convergence
A2 [400, 300, 200] ReLU Best performance
A3 [512,512] Leaky ReLU Slower training
A4 [128, 128, 128] Tanh Poor learning

The final selected network architecture consists of three hidden layers with
ReLU activations in both the actor and the critic networks. The output layers
use Tanh for the actor (ensuring bounded actions) and Linear for the critic (al-
lowing unrestricted Q-values). This architecture demonstrated stable training and
efficient learning for continuum robot control.

3.4. Hyperparameter tuning

The performance of the DDPG algorithm is highly sensitive to the choice
of hyperparameters. Proper tuning ensures efficient learning, stable convergence,
and effective policy generalization. The key hyperparameters investigated include
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the learning rate, discount factor, exploration noise, batch size, and replay buffer
size.

The learning rate determines how quickly the neural networks (actor and
critic) update their parameters. Too high a learning rate can cause instability,
while too low a rate leads to slow convergence. The update equations for the actor
and critic networks are:

0 —0—aVyG(0) ¢ — ¢—aVyL(¢) 27)

where: « is the learning rate, VoG (6) is the update of the policy gradient for the
actor and V4L (¢) is the loss gradient for the critic. Table 3 shows the values of
the parameter « that were tested by experimentation. The final selected learning
rate was a = 0.001.

Table 3: Effect of learning rate on training stability

Learning rate (@) Performance Observation
0.001 Stable Best balance of stability and convergence
0.005 Unstable High variance in training
0.0001 Slow Convergence Too small to optimize effectively

The discount factor y controls how much future rewards influence current
decisions. The Bellman equation with discounting is:

O(st,a;) =11 +yQ(S41, Are1) (28)

The final selected discount factor was y = 0.99. Exploration noise is added to
the action selection to encourage policy exploration. DDPG uses an Ornstein-
Uhlenbeck (OU) process:

Niw1 = 0(u = Ni) + oW, (29)

where: N; is the noise in time step ¢, 6 controls the reversion of the mean noise, o
controls the magnitude of the noise and W, is Gaussian noise. The final selected
noise parameter was o = (0.3. The size of the batch affects the accuracy of the
gradient estimation. The sampled batch is:

B = {(sparis s}, G0

where N is the batch size. The final batch size selected was 128. The replay buffer
stores past experiences for off-policy learning. The update process is:

D;=D; U (St,at,rt, St+1) (31)
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Table 4: Hyperparameters of the DDPG Algorithm

Hyperparameter Final value
Learning rate (@) 0.001
Discount factor (y) 0.99
Exploration noise (o) 0.3
Batch size 128
Replay buffer size 10°

Network architecture

Actor hidden layers [400, 300, 200]
Actor activation functions ReLU (hidden), Tanh (output)
Critic hidden layers [400, 300, 200]
Critic activation functions ReL.U (hidden), Linear (output)

The final replay buffer size was 10° transitions. Through extensive experi-
mentation, the following hyperparameters were selected:

These values resulted in stable training, effective exploration, and efficient
policy learning.

4. Experimental setup

The reinforcement learning experiments were conducted within a custom
Python-based simulation environment. This environment was explicitly devel-
oped to simulate the motion of a planar three-section continuum robot and sup-
ports the dynamic configuration of task spaces and obstacles.

To evaluate the generalization ability and adaptability of the trained agent, we
designed and tested the robot in multiple static obstacle scenarios with increasing
levels of complexity:

* Easy scenario: Single obstacle placed near the path to the goal.
* Medium scenario: Two obstacles requiring moderate path adjustment.

* Hard scenario: Three or more obstacles placed close to the goal, requiring
precise maneuvering and long-term planning. Each obstacle was modeled
as a fixed-radius circular region in the task space, and the robot was trained
to avoid these regions while navigating toward randomly placed goal points.

4.1. Training details

Trajectory/episode parameterization. Each episode is defined by the initial
random curvature configuration, a goal position (Xgoal, Ygoal), and a set of static
obstacles specified by their centers (xobs, Yobs) (With fixed obstacle radius in the
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simulator). The simulation proceeds with a fixed time step At; at each step, the
policy outputs the curvature-rate command a; = [K1, K2, K3] T which is integrated
to update g, subject to curvature limits, and the end-effector pose is computed
via forward kinematics. Obstacle proximity is evaluated via the end-effector-
to-obstacle distances dops; and the safety threshold dgafe (Eq. (7)); the episode
terminates when the goal tolerance is reached (as in the goal-proximity condition)
or when a collision/violation occurs.

The training was carried out using the DDPG algorithm with the architec-
ture and hyperparameters specified in the previous sections. The simulation was
executed on a workstation with the following configuration: CPU: Intel Core 19,
GPU: NVIDIA RTX 4090, RAM: 64 GB, Framework: Python 3.9 with Keras
backend [20]. The agent was trained for 5000 episodes, with a variable number of
steps per episode, subject to a maximum step cap which is 500. The total number
of interaction steps was tracked across all episodes to monitor the progress of the
training.

4.2. Evaluation metrics

To assess the performance of the trained policies, the following evaluation
metrics were used:

* Success Rate: This is defined as the percentage of evaluation episodes in
which the robot reaches the goal without colliding with any static obstacles.
Success is measured over a set of 100 randomly initialized test episodes
across all three scenario types.

 Effectiveness Score: The effectiveness score is calculated as the mean value
of 10 independent test episodes after training. It incorporates both trajectory
efficiency (path length and smoothness) and goal-reaching success. Lower
scores indicate more efficient behavior.

* Training Time: It was recorded to evaluate computational efficiency, al-
though the exact duration and impact are discussed in the results section.

* Training Convergence: The episode reward over time was tracked through-
out training. This provided insight into how quickly and consistently the
agent learned to navigate within obstacle-rich environments. The conver-
gence trend was later used to compare learning behavior across different
reward functions and obstacle configurations.

5. Results and discussion

This section presents and analyzes the performance of the trained reinforce-
ment learning agent in various static obstacle environments. The focus is on
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understanding how well the robot generalized to different levels of environmen-
tal complexity and how architecture, reward design, and hyperparameter choices
influenced the policy’s behavior.

To illustrate the trajectory planning behavior of the continuum robot, we pro-
vide a representative result for each of the three difficulty levels: easy, medium,
and hard. As shown in Figure 4, the robot navigates toward the goal in each
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Figure 4: Completed single evaluation episodes in easy (a), medium (b), and hard (c) obstacle
scenarios. Each trajectory ends at the goal while successfully avoiding all obstacles
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scenario while adapting its path to avoid static obstacles. Figure 4 can be read as
follows: the initial point marks the starting end-effector position, the target point
indicates the goal, and the obstacle points denote the centers of static obstacles
in the workspace; the plotted backbone shows the robot shape along the executed
trajectory. In the easy scenario, the trajectory remains relatively direct with
minimal curvature adjustments. In the medium scenario, the robot shows more
pronounced bending to avoid dual obstacles. The hard scenario presents closely
clustered obstacles, requiring complex trajectory modulation and longer paths,
which the agent manages effectively without collisions. We note that obstacle
avoidance in the current formulation is driven by a reward term based on the
end-effector position and obstacle distances. Consequently, the learned behavior
primarily ensures that the distal tip avoids collisions, while intermediate points
along the backbone are not explicitly constrained; this can make the hard-scenario
visualization appear as if only part of the robot is "avoiding" obstacles. Extending
collision checking and reward shaping to incorporate the full robot body (e.g.,
multiple points along the backbone) is a natural direction for future work.

Table 5 summarizes the performance of the trained policy in different obstacle
scenarios based on the evaluation metrics defined above. The results are averaged
over multiple test runs.

Table 5: Evaluation results across different static obstacle scenarios

Scenario Success Effectiveness Training Conyerged
rate (%) score time (h) episode
Easy 94 215.2 2.9 900
Medium 89 283.7 3.5 1000
Hard 79 351.9 4.1 1500

The success rate remains high across all scenarios, with a noticeable drop in
more complex environments due to the increased navigation challenge. The ef-
fectiveness score increases (i.e. performance worsens) with scenario complexity,
reflecting longer paths and tighter maneuvering constraints. Despite the complex-
ity, all policies converge within a reasonable number of episodes, and the easy
case stabilizes fastest.

Figure 5 displays twelve graphs showing the progression of the agent’s reward
throughout training. These plots illustrate the convergence dynamics of the RL
agent under varying complexity. In all cases, the reward growth is steady, but
convergence is slower in medium and hard scenarios due to higher exploration
demands. The log-scaled plots highlight early learning volatility and gradual
stabilization in later stages of training.
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Figure 5: Episodic and average episodic reward curves (and their logarithmic scales) for easy (a),
medium (b), and hard (c) scenarios

To evaluate trajectory precision, we measured the positional error of the con-
tinuum robot over ten test episodes for each scenario. Figure 6 shows the total
error magnitude as well as separate error values in the X and Y axes. The results
show that the total error remains low across all runs, though slightly higher in
obstacle-rich environments. Most of the variation occurs along the X-axis, par-
ticularly in the hard scenario, which involves lateral avoidance maneuvers. The
Y-axis error is relatively stable, indicating consistent goal progression along the
principal trajectory. To better understand the robot’s adaptive motion, we analyze
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Figure 6: Total, X-axis, and Y-axis errors of the continuum robot across ten test episodes: easy
(a), medium (b) and hard (c)

the full trajectory and corresponding curvature values for a single representative
episode in each scenario. Figure 7 presents the robot’s end-effector position (in X
and Y coordinates) and curvature values of each section at every time step. The
figure shows how the robot adjusts its curvature in response to obstacle layout.
In the easy scenario, changes in curvature are minimal, while in the medium and
hard cases, curvature modulation becomes more dynamic. These changes allow
the robot to maintain safety while tracking efficient paths. The combined results
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Figure 7: Position (X, Y) and curvature values for a single test episode across robot sections 1, 2,
and 3 for each scenario: easy (a), medium (b) and hard (c)

demonstrate that the proposed reinforcement learning framework effectively gen-
eralizes to increasingly complex obstacle-rich environments. The DDPG algo-
rithm, aided by carefully designed reward functions and network architectures,
enables the robot to learn curvature-based control strategies that balance safety
and efficiency. While path efficiency slightly declines in more complex settings,
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the agent maintains high success rates and convergence consistency, validating
the scalability of the approach. Further investigation into online adaptation, dy-
namic obstacle response, and real-world deployment is encouraged to extend
these findings to broader robotics applications.

6. Conclusions

In this study, we presented a reinforcement learning-based control framework
for a planar three-section continuum robot operating in environments with static
obstacles. Building on previous work in continuum robot kinematics and learning-
based control, we extended the system’s capabilities by incorporating obstacle
avoidance mechanisms directly into the reinforcement learning framework.

The results of our experiments demonstrate that reinforcement learning,
specifically using the DDPG algorithm, is capable of learning effective con-
trol policies for curvature-based actuation in complex environments. Through
extensive training and evaluation in a custom simulation environment with vary-
ing levels of obstacle difficulty, the robot consistently learned to avoid static
obstacles while navigating toward the goal positions. The key to this success was
the careful design of the reward function, which balanced goal-seeking behavior
with smooth and safe maneuvering. Furthermore, experimentation with neural
network architecture revealed that both the number of layers and the activation
functions played a significant role in stabilizing the training and improving gen-
eralization between scenarios. The trained models performed reliably even as
the complexity of the obstacle layout increased, supporting the robustness of the
proposed approach.

While the results are promising, several limitations of the current framework
point to potential avenues for future research. First, the current implementation
is limited to static environments; the inclusion of dynamic obstacles introduces
additional temporal constraints and requires predictive capabilities that are not
yet modeled. Future work will focus on extending the system to handle dynamic
environments where obstacles may move unpredictably. We will also investi-
gate the use of other reinforcement learning algorithms, like Proximal Policy
Optimization (PPO) or Robust Policy Optimization (RPO).
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