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Abstract—A cable-driven continuum robot with high redun-
dancy is capable of performing the tip trajectory tracking task
while simultaneously satisfying additional safety constraints,
such as joint limits or external obstacles in the environment.
To address these challenges, efficient motion planning methods
are required. This paper proposes a quadratic programming
based method in conjunction with convex polytopes based
distance computation. Our methodology integrates safety con-
straints based on the robots’ posture states, thus enabling
barriers evasion in dynamic situations. Simulation outcomes
demonstrate effective trajectory tracking in the presence of
various objects and provide a comprehensive performance
evaluation based on the generated robot state. Finally, real-
world experiment was conducted on a prototype of a three-
segment cable-driven continuum manipulator, which confirmed
the efficacy of the proposed obstacle avoidance approach. The
approach is versatile and can be adapted to similar multiple
segments cable-driven continuum robotic systems by designing
the robot parameters, enabling the success of tip trajectory
tracking tasks under complex obstacle conditions.

Index Terms—Continuum robots, Obstacle-avoidance and
control, Trajectory tracking.

I. INTRODUCTION

In recent years, continuum robots (CRs) have received
increasing attention as effective solutions to travel intricate
and curving pathways and perform tasks in constrained or
hard-to-reach situations, particularly in the field of medical
surgery [1], [2]. Compliant continuum robots differ from
traditional robots designed with stiff links and joints in that
they have thin, flexible structures made of elastic materials.
This unique framework enables sophisticated deformations
[3]. Recent research has shown a growing focus on the
development and application of continuum arms [4]. [5],
Object avoidance is a critical area of focus in continuum
robotics research. It refers to the difficulty of computing a
route for the robot to traverse from one location to another
while avoiding obstacles and simultaneously respecting the
physical constraints of the system [6].

Industrial automation relies on rigid robotic manipulators
for precise positioning [7], but their inflexibility limits
adaptability in dynamic, obstacle-filled environments. This
rigidity can cause joints to reach mechanical limits, hin-
dering obstacle avoidance and raising safety and durability
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concerns. Despite advances in neural network and deep
learning methods for trajectory tracking [8], [9], the physical
constraints of rigid manipulators remain a major challenge
for reliable operation in complex settings.

Unlike rigid manipulators, continuum robots exhibit in-
herent compliance enabling their widespread use in surgical
applications and conferring enhanced obstacle avoidance
potential [10]. However, operation in complex environments
remains challenging. Some trajectory tracking methods, such
as data-driven approaches [11] and model-based strategies
[12], are confined to 2D scenarios and lack scalability
to complex settings. Model Predictive Control (MPC) for
dynamic obstacle avoidance [13] suffers from high compu-
tational demands and requires extensive tuning of control
gains and Prescribed Performance Function (PPF) parame-
ters via simulation and experimentation. Additionally, the
border detection technique in [14] is restricted to static
obstacles, limiting efficacy in dynamic environments; the
neural network-based method for redundant manipulators
[15] fails to accommodate moving obstacles or irregular
geometries, hampering practicality. While a number of stud-
ies demonstrate good computational efficiency for trajectory
tracking, they cannot handle obstacles [16]–[18]. These
limitations highlight the need for more adaptable, efficient
control solutions for continuum robots in complex dynamic
settings.

In this paper, we extend quadratic programming and graph
theory techniques originally developed for rigid manipula-
tors [19], [20] to the context of continuum manipulators
for obstacle avoidance. By modeling the continuum robot’s
workspace as convex polytopes, we propose a novel frame-
work that enables fast and effective trajectory tracking for
high-speed end-effector tasks while ensuring collision avoid-
ance. We provide a tracking method with obstacle avoidance.
Compared to existing methods, our approach achieves im-
proved computational efficiency and real-time performance
in complex three-dimensional dynamic environments with
multiple obstacles. This work advances geometric motion
planning by combining accuracy and speed in a framework
tailored to continuum robots.

II. DESIGN AND KINEMATICS OF CONTINUUM ROBOT
MODELING

A. Continuum Robot System Description

This subsection provides a detailed description of the
kinematics of piecewise constant curvature (PCC) - based
continuum manipulators, which builds upon the mechanisms
of continuum robots as presented in previous studies [21].
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Fig. 1. Illustration of a continuum robot. (a). Physical prototype of a
three-section continuum robot. (b). Continuum robot model diagram with
a constant curvature segment.

The torso of the continuum robot measures 0.45 meters
in length and is composed of a 0.6mm NiTi alloy flexible
backbone aligned along the neutral axis, eighteen disks
each 64mm in diameter uniformly distributed along the
backbone, and twelve actuation tendons threaded through
regularly spaced apertures in the disks. The bending motion
of the robot in multiple directions is precisely controlled by
modulating the extension and contraction of the actuation
tendons. The kth segment (where k ≤ n, n denotes the
number of robot segments) is defined by the parameters
(θk, ϕk, κk) of the PCC model [22], illustrated in Fig. 1,
where θk ∈ [0, π], ϕk ∈ [−π, π], and κk = θk/Lk. θk
symbolizes the bending angle, ϕk indicates the bending
direction angle, and κk signifies the curvature of the kth

segment. The location of the kth segment can be expressed
by the parameters as:

pk
k−1 =

xk

yk
zk

 =
1

κk

sinϕk (1− cos θk)
cosϕk (1− cos θk)

sin θk

 (1)

where pk
k−1 indicates the position vector of the end of the

kth segment in the k − 1 frame, xk, yk, and zk are the end
position coordinates, κk is the curvature of the kth segment,
ϕk is the bending direction angle, and θk is the bending

angle. The rotation matrix Rk
k−1 can be expressed as:

Rk
k−1 = Rot (ẑk−1, ϕk) · Rot (ŷk−1, θk) · Rot (ẑk,−ϕk)

(2)
where Rk

k−1 denotes the rotation matrix from the k − 1
frame to the k frame, Rot (ẑk−1, ϕk) represents the rotation
matrix around the z-axis of the k − 1 frame by angle ϕk,
Rot (ŷk−1, θk) represents the rotation matrix around the y-
axis of the k − 1 frame by angle θk, and Rot (ẑk,−ϕk)
represents the rotation matrix around the z-axis of the k
frame by angle −ϕk.

The rotation matrix Ri
i−1 can be expanded as:

Rk
k−1 =c2ϕk

(1− cθk) + cθk −cϕk
sϕk

(1− cθk) sϕk
sθk

−cϕk
sϕk

(1− cθk) s2ϕk
(1− cθk) + cθk −cϕk

sθk
−sϕk

sθk −cϕk
sθk cθk


(3)

where cϕk
and sϕk

denote the cosine and sine of ϕk,
respectively, cθk and sθk denote the cosine and sine of θk,
respectively.

The transformation matrix T k
k−1 can be represented as:

T k
k−1 =

[
Rk

k−1 pk
k−1

0 1

]
(4)

where the position vector is represented by pk
k−1, the rotation

matrix is represented by Rk
k−1, and the transformation

matrix from the k − 1 frame to the k frame is indicated by
T k
k−1. Thus, given the base position OB , the position of the

endpoint of the kth segment pk can be computed in Eq.(5)
as k denotes the number of segments of the continuum arm
and when k = 1 and k = 2 denote the first and second
segments respectively. k = n means the last segment of the
manipulator and the end-effector position is also denoted by
ptip. [

pk

1

]
=

k∏
j=1

[
Rj

j−1 pj
j−1

0 1

]
·
[
OB

1

]
(5)

The Jacobian matrix Jk
0 is defined as:

Jk
0 =

∂pk

∂qk

=


∂pk(x)
∂q1

∂pk(x)
∂q2

. . . ∂pk(x)
∂q2k

∂pk(y)
∂q1

∂pk(y)
∂q2

. . . ∂pk(y)
∂q2k

∂pk(z)
∂q1

∂pk(z)
∂q2

. . . ∂pk(z)
∂q2k


(6)

where Jk
0 denotes the Jacobian matrix of the kth segment,

pk is the position vector of the end of the kth segment, and
qk = [θ1, ϕ1, . . . , θk, ϕk] is the joint vector.

The velocity of kth segment ṗk can be calculated as:

ṗk = Jk
0 · q̇k (7)

where ṗk represents endpoint’s velocity in the kth segment,
Jk
0 represents the kth segment’s Jacobian matrix, and qk

represents the joint velocity vector.
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Fig. 2. The diagram block illustrates the mechanics of the N segment continuum manipulator system with a kinematic dual-loop PID controller based
on IMU attitude data.

Fig. 3. Illustration of the GJK distance algorithm. The third segment of
the continuum arm contacts the sphere object, the GJK distance show the
penetration depth.

The definition of the error e is:

e = ∥ptip − pd∥2 (8)

where the Euclidean norm is represented by ∥ · ∥2 and the
error vector between the desired position pd and the actual
location ptip is shown by e.

B. IMU based controller

This section presents a dual-loop PID controller meant to
reduce the attitude errors of three end disks in a mechanical
system. The illustration is shown in Fig. 2. The internal
angular loop in the controller and the outside attitude loop
taken together give exact control over the orientation and

angular speed of the system. The difference between the
IMU-measured attitude ϵ∗IMU and the desired quaternion
attitude ϵ∗d is the attitude error ϵ∗e:

ϵ∗e = ϵ∗d − ϵ∗IMU

ϵ∗d = ϵϕ ⊗ ϵθ
(9)

where ϵϕ = [cos(ϕ/2), 0, sin(ϕ/2), 0] denotes rota-
tion around the z axis by angle ϕ and ϵθ =
[cos(θ/2), 0, sin(θ/2), 0] denotes bending about the y axis
by angle θ. The angular controller is intended to reduce the
angular errors by utilizing the attitude error. vd is the desired
motor speed. :

vd = KΩΩ
∗
e + IΩ

∫
Ω∗

e (10)

where KΩ and IΩ are the proportional and integral gains of
the angular controller, respectively. The angular error matrix
Ω∗

e is defined as:

Ω∗
e = Kϵϵ

∗
e −Ω∗ (11)

Here, Kϵ is the proportional gain of the attitude controller,
and Ω∗ is the reference angular velocity matrix. The control
input matrix u is calculated based on the motor speed error
ve, which is the difference between the desired motor speed
vd and the actual motor speed v:

ve = vd − v (12)

The control input matrix u is then given by:

u = Kvve + Iv

∫
ve +Dvv̇e (13)

where Kv , Iv , and Dv are the proportional, integral, and
derivative gains of the velocity controller, respectively.
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III. END EFFECTOR TASK WITH OBSTACLE AVOIDANCE

A. GJK distance

The Gilbert-Johnson-Keerthi (GJK) distance algorithm is
an exact iterative method based on convex geometry, used
to determine the shortest distance and the coordinates of the
closest points between two convex polytopes [20]. Its main
advantage lies in the fact that it only requires decomposing
the manipulator and obstacles into several convex polytopes,
rather than processing their entire shapes, to accurately
compute the minimal distance. The GJK algorithm performs
collision detection with a time complexity of O(M + N),
where M and N represent the numbers of vertices of the
two convex polytopes involved. During each iteration, the
algorithm focuses on selecting search directions close to
the origin, which contributes to rapid convergence. Fig. 3
demonstrates how the GJK distance algorithm is applied
in the context of a continuum robotic arm, highlighting its
effectiveness in handling complex geometries for collision
avoidance.

Let A and B be two convex polytopes, where A is
derived from a bending cylinder section and B consists of
external objects. Their respective sets of surface points are
represented as SA ∈ R3 and SB ∈ R3. The shortest distance
between the two convex polytopes is defined by

d(SA, SB) = min{∥pA − pB∥ : pA ∈ SA, pB ∈ SB} (14)

where ∥ · ∥ denotes the Euclidean norm. The GJK prox-
imity algorithm operates by progressively determining the
Minkowski difference set C = A ⊖ B through successive
applications of the support mapping. This process iteratively
constructs a simplex approximation until convergence. The
final distance measurement corresponds to the minimum
norm from the terminal simplex D ⊂ C to the coordinate
origin. Let the vertex set of simplex D be denoted as
SD ⊂ R3, with GJK(D) ∈ SD representing the minimal-
norm vertex in SD. As a result, we possess

d(SA, SB) = ∥GJK(D)∥ = min{∥h∥ : h ∈ SD} (15)

The geometric penetration between convex polyhedra A and
B is confirmed when the origin resides within the convex
hull of simplex D, where the penetration depth is quantified
by ∥h∥.

B. Optimization-based Trajectory Tracking method

SLSQP (Sequential Least Squares Quadratic Program-
ming) algorithm is a gradient-based optimization method for
solving nonlinearly constrained optimization problems

min f(x) =
1

2
e2,

s.t. hi(x) ≥ 0, i = 1, . . . , nh;
(16)

where x = [q1, q2, . . . , q2n]
T ∈ R2n, f : R2n → R,

hi : R2n → R, nh depends on the inequality constraints

Algorithm 1: SLSQP Algorithm

1 Input: Initial guess x0 ∈ R6; initial Lagrange
multiplier λ0 ∈ C; initial Hessian approximation
H0 ∈ R6×6; convergence threshold tolerance;
Maximum iteration number max iter

2 Result: Optimal solution x∗ and its corresponding
objective function value f(x∗)

3 Initialization: Compute the initial gradient ∇f(x0)
and the constraint functions at x0.

4 while not converged and current iteration k <
max iter do

5 Minimize over s: 0.5sTHks+∇f(xk)
Ts

6 Subject to:
hi(xk) +∇hi(xk)

Ts ≥ 0, i = 1, . . . , n
7 Solve the problem using Eq.(19) and satisfy

Eq.(20)
8 xk+1 = xk + s
9 Calculate ∇f(xk+1) and h(xk+1)

10 If ∥∇f(xk+1)∥ < tolerance, set converged = true
11 end
12 Return Optimal solution x∗ and its corresponding

objective function value f(x∗)

and in this paper, the system doesn’t have equality constraint.
The SLSQP algorithm shown in Algorithm 1 functions by
solving a sequence of quadratic programming (QP) sub-
problems. Each subproblem is a quadratic approximation
of the original problem, and is solved to determine the
search direction for the next iteration.The QP subproblem
at iteration k is:

min g(s) = ∇f(xk)
Ts+

1

2
sTHks

s.t. z(s) = hi(xk) +∇hi(xk)
Ts ≥ 0, i = 1, . . . , nh;

(17)

∇f(xk)
T = (ptip − pd)

⊤Jk
0

Hk = Hk−1 −
sk−1s

T
k−1

sTk−1yk−1sk−1
+

Hk−1yk−1y
T
k−1Hk−1

yTk−1Hk−1yk−1

yk−1 = ∇f(xk)
T −∇f(xk−1)

T

(18)
where ∇f(xk) is the gradient of the objective function xk,
yk−1 is the difference in gradient, Hk using a quasi-Newton
method to approximate and s is the search direction.The
Lagrangian function is constructed as follows to solve the
subproblem:

L(s, λ) = g(s) +

m∑
i=1

λizi(s) (19)

To solve the QP subproblem, it is essential to determine
the parameters s and λ that satisfy the Karush-Kuhn-Tucker
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Fig. 4. Simulation 1: Static environment trajectory tracking with a sphere obstacle. The red horizontal circle represents the desired path, the desired circle
origin is placed at [0.24, 0.24, 0.16]⊤ with radii set as 0.12 m, while the blue points represent the computed position. The corresponding calculated
time, manipulator coordinates and tip position error are given.

(KKT) conditions

∇xL(s, λ
∗) = 0,

zi(s) ≥ 0, i = 1, . . . , nh;

λ∗
i ≥ 0, i = 1, . . . , nh;

λizi(s) = 0.

(20)

Once the QP subproblem is solved, the solution s is used to
update the current iterate:

xk+1 = xk + s (21)

Define constraints hi(x) in Eq.(16) considering the safe
distance between manipulator and objects, basis limits and
manipulator joints constraints

hi(x) =


d(SA, SB) > 0,

q < qmax

∆q < b

ṗk < ṗk,max

(22)

where SA denotes the three segments of the continuum
manipulator, SB denotes the several objects, q denotes the
manipulator coordinates

According to the algorithm, a set of solution x∗ can be put
into the IMU-based controller to propose a set of motions
which can be used in complex scenarios.

IV. SIMULATION

This section evaluates our numerical method, incorporat-
ing safety constraints, to demonstrate its effectiveness in

Fig. 5. Simulation 2A: Static environment trajectory tracking with multiple
obstacles. Left: The desired circle origin is placed at [0.24, 0.24, 0.16]⊤
and orientation is defined by normal vector [1, 0, 1]⊤.

trajectory tracking and obstacle avoidance within both static
and dynamic environments. The proposed approach utilizes
a three-segment Cable-Driven Continuum Robot (CDCR)
model explicitly designed to account for interactions with
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Fig. 6. Simulation 2B: A heart-shaped trajectory tracking for the continuum arm subject to the constraint of a window-shaped obstacle.

Fig. 7. The object avoidance of a moving spherical obstacle with the CDCR
tip confined to a cubic region

external objects. Simulations were conducted in C++ within
the ROS-rviz platform, while data rendering visualization
was performed using MATLAB. The process involved calcu-
lating multiple three-dimensional locations along the robot’s
structure via the inverse solution of a refined, computation-
ally efficient compressible curvature forward kinematics. All
experiments were executed on a laptop equipped with an
Intel Core i7-13700H CPU@2.40GHz 16GB RAM.

A. Static single object avoidance

The first simulation results are demonstrated in Fig. 4. In
this simulation, three cameras are employed to capture and
display the posture of the robot from different angles. A gray
sphere, positioned at [0.12, 0.11, 0.16]⊤ is used as a refer-
ence object with a radius of 0.13m. The desired trajectory
for the end-effector is designed as a circular trajectory with a
radius of 0.13m and 20 points are created inside the sphere
object deliberately. The method corresponds with CDCR’s
kinematics by computing optimal inverse kinematics (IK)
solutions at each sampled point along the trajectory. The
computation of the maximal single IK takes approximately
0.00965 s. The objective of the CDCR is to follow the
path that has been generated while avoiding collisions with
obstacles. When it comes to finding a solution that is
feasible, the average amount of time is around 0.00611 s.

B. Static multiple objects avoidance

The second simulation provides two different scenarios.
Fig. 5 depicts the trajectory tracking task constrained by
three obstacles. The CDCR is preceded by a gray sphere
with a radius of 0.07m is located at [0.26, 0.20, 0.20]⊤ and
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TABLE I
CONTROL PERFORMANCE AND ACCURACY COMPARISON BETWEEN OUR STUDY AND THE EXISTING WORKS

Reference Robot type
(initial length L)

Inverse kinematics
control method

Position
error

Computation Time
(language/software)

Open or
closed loop

[5]
Multi-segment
pneumatic-driven
(L=110 mm)

Reduced FEM-based 7.9 mm (< 8%) 75 ms per inverse step
(SOFA) Closed loop

[6]
Multi-segment
pneumatic-driven
(L=104 mm)

Analytical Jacobian-based 6.0 mm (< 6%) 133 ms per inverse step
(MATLAB) Open loop

[16]
Two-segment
magnetic-driven
(L=70 mm)

Inverse kinematics model based 6.0 mm (< 9%) 6.5 ms per inverse step
(MATLAB) Closed loop

[17]
Multi-segment
pneumatic-driven
(L=89 mm)

Inverse statics (Cosserat rod
model) based 3.4 mm (< 4%) 77 ms per inverse step

(MATLAB) Open loop

[18] Tensegrity continuum robot
(L=700 mm) Dynamics (DAEs) model based 12.0 mm (< 1.7%) less than 10 ms per

inverse step (MATLAB) Closed loop

Our work
Multi-segment cable-driven
continuum robot
(L=450 mm)

Inverse kinematics model with
single or multiple obstacles 5 mm (< 2%)

6 ms for single and 9
ms for multiple

obstacles per step (C++)
Closed loop

* The percentage indicates the relative position error in relation to the original length of the robot.

Fig. 8. Lab experiment: Fixed-base object avoidance with a static rectangu-
lar box as the obstacle, where the blue circle denotes the desired trajectory
which is parallel to the ground.

two cylinders, each having a radius of 0.1m and a height of
0.3m, to simulate intensive obstacles. The multiple different
shape objects serve to facilitate precise tracking in complex
environments along a specified circular trajectory with a
radius of 0.13m. The maximal single IK calculation requires
approximately 0.00419 s, while the CDCR efficiently tracks
paths with obstacle avoidance, yielding an average solution
time of about 0.00239 s. The simulation results demonstrate
that the proposed method achieves precise path tracking
while maintaining computational efficiency, as evidenced by
a tip error of 0.003813m relative to the total continuum body
length (L = 0.45m), representing an accuracy of approxi-
mately 0.095%. Fig. 6 depicts the trajectory tracking task

constrained by a window-shaped obstacle.The window has
an overall width of 0.48 meters and height of 0.32 meters,
with its four edges each consisting of a rectangular prism.
The CDCR will navigate through this window to perform
operations, while avoiding colliding with the window’s four
edges during the motion planning. The maximum single
IK computation step requires approximately 5.4 s when the
CDCR tip is close to and positioned below the window
bottom, whereas the average computation time is roughly
0.009 s in other cases. A comparison of tracking control of
continuum robot in existing works with ours is shown in
TABLE I.

C. Dynamic object avoidance

The third simulation results, containing three snapshots
under a fixed camera, are demonstrated in Fig. 7. The
workspace within which the end-effector can operate is
defined as a 0.1m × 0.1m × 0.1m cubic region, with its
center located at [0, 0, 0.4]⊤ and the origin tip position is set
at [0, 0, 0.4]⊤. The dynamic ball is generated to contact the
CDCR body. The algorithm works by seeking the least tip
position change in the workspace with a small configuration
space change. The average time required to find a feasible
solution is approximately 0.09471 s.

V. VALIDATION

This segment examines the efficacy of the obstacle avoid-
ance tracking method that employs the three-segment CDCR
in a laboratory setting. A high-precision RGB-d motion
capture camera is utilized to monitor the tip position of the
CDCR.

The total duration of the experiment is 25 seconds. The de-
veloped method showcased exceptional performance on the
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continuum robot in experimental tests. The CDCR base is lo-
cated at [0, 0, 0]⊤, and the obstacle is located at [0, 0.15, 0]⊤

with a height of 0.4 m. Using our method, the robot can
track the desired path while performing obstacle avoidance
calculations and recalculate the path when the desired point
is within the obstacle. Fig. 8 illustrates the snapshots of the
experiment. The cumulative tip tracking error between the
desired and actual positions is approximately 0.035m while
the horizontal desired circle trajectory has a center point at
[0, 0, 0.4]⊤ and a radius of 0.2m. Our method ensures safe
and rapid trajectory tracking. We emphasize its resilience in
complex situations, prioritizing safety. This combined focus
considerably elevates its value for real-world applications.

VI. CONCLUSION

The paper presents an effective obstacle avoidance trajec-
tory tracking method for continuum robots in complex envi-
ronments. With continuum robots operating in dynamic situ-
ations, the primary goal is to achieve collision-free tracking.
The strategy, which innovatively combines convex geometry
with continuum robot in developing the collision detection
algorithm, has proven effective in handling complex and
dynamic tracking control scenarios through simulations and
tests. The method can identify the nearest point at the
minimum distance to satisfy the safety constraints when the
desired trajectory intersects with an obstacle. In multiple ob-
stacle circumstances, the average tip error is approximately
0.095% relative to the robot’s body length. Additionally, the
method performs well when facing an approaching obstacle,
enabling flexible maneuvering. Future research will concen-
trate on enhancing the robustness, flexibility, and dynamic
avoidance capabilities of the algorithm to handle unexpected
obstacles that impede robot movement and manipulation.
Furthermore, the current method does not consider force-
related interactions. In future development, the continuum
robot’s body may encounter external disturbances.
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