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Abstract—Continuum robots have strong potential for applica-
tion in Space environments. However, their modeling is chal-
lenging in comparison with traditional rigid-link robots. The
Kinematic-Model-Free (KMF) robot control method has been
shown to be extremely effective in permitting a rigid-link robot
to learn approximations of local kinematics and dynamics (”kin-
odynamics”) at various points in the robot’s taskspace. These
approximations enable the robot to follow various trajectories
and even adapt to changes in the robot’s kinematic structure. In
this paper, we present the adaptation of the KMF method to a
three-section, nine degrees-of-freedom continuum manipulator
for both planar and spatial task spaces. Using only an external
camera, we show that the KMF method allows the continuum
robot to converge to various desired set points in the robot’s
taskspace, avoiding the complexities inherent solve this problem
using traditional inverse kinematics. The success of the method
shows that a continuum robot can ”learn” enough information
from an external camera to reach and track desired points
and trajectories, without needing knowledge of exact shape or
position of the robot. We apply the method in a simulated
example of a continuum robot performing an inspection task on
board the ISS.
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1. INTRODUCTION
Rigid-link robots are, as the name suggests, traditionally
comprised of rigid bodies connected through a finite series of
joints. While this makes for tractable dynamics and permits
reasonable controllability, this form of structure does not
lend itself well to cluttered environments or scenarios in
which collisions, even minor, can result in damage to the
robot and environment. Conversely, continuum robots, which
can bend at any point along their continuous backbones, are
designed to be compliant, and in cluttered environments are
able to experience contacts without causing damage. The
compliant nature of continuum robots makes them ideal
for inspection and sensing in restricted environments, such
as cluttered cargo areas and hard-to-reach areas of inter-
est. Unfortunately, this increase in compliance also carries
an increase in the complexity of the robot’s dynamics and
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inverse kinematics, especially in the case of a redundant
continuum manipulator. In this paper, we propose the use
of a model learning algorithm to replace the use of dynamics
and kinematics in guiding a continuum robot’s end-effector
through space.

Continuum manipulators manifest a theoretically infinite
number of Degrees-of-Freedom (DoF), distinctly different
from even hyper-redundant rigid-link robots, such as snake
robots [1]. The ability of continuum robots to adapt to their
environments and maneuver in cluttered spaces has moti-
vated their application in Space applications [2], [3]. There
is by now a fairly extensive literature on continuum robot
kinematics, many of which constrain these infinite DoF to
ideal assumptions about the robot and its environment. Given
these ideal conditions, the constant curvature based kinematic
models [4], [5] have proven effective for approximating the
shape of continuum systems and the location of end-effectors
in open space. Further works have expanded into modeling
non-constant curvature bending of continuum robots that are
subject to internal and external loads [1], [6], [7], or collisions
with the environment [8], [9]. These more realistic models,
while better at approximating shape and predicting output
under load, require significantly more information about the
continuum system and do not lend themselves well to invert-
ibility or the added complexity of implementation on multi-
section continuum manipulators. Neither of these classes of
kinematic models have proven trivial for the execution of task
space path planning and following.

Likewise, dynamic modeling for continuum robot systems
has received notable attention, especially of late [10], [11],
[12], but the complexity of these systems, especially those
composed of multiple sections, often proves to be unwieldy
without making numerous simplifying assumptions. Indeed,
our own recent approximate models [13], [14] are still com-
putationally intensive even after removing the complexity of
continuum mechanics and settling for approximate rigid-link
models. Coupled with the effects of gravity, achieving motion
along a desired path is dependent on reliable modeling and
sufficient feedback. With respect to continuum robots in
practical applications, the states of such solutions are often
inherently unobservable, under-actuated, or both, without the
implementation of computationally expensive sensor arrays
or a suite of external cameras to extract full robot shape while
avoiding occlusion.

In considering the complexity of kinematic and dynamic
models for continuum robots, it is easy to see why the
relatively few works that explore motion planning with con-
tinuum manipulators have relied on simplification of these
models or reduction in the number of DoF. This simplification
allows implementation of some of the popular motion plan-
ning methods used for rigid-link robots, such as RRT [15],
[16] and reinforcement learning methods [17], [18].
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In this paper, we explore the application of Kinematic-Model-
Free (KMF) robot control as a potential solution for the many
challenges facing task space path planning and automation
of continuum robots, while simultaneously reducing the need
for complex sensors or extensive knowledge about the contin-
uum robot. In previous works by the authors [19], [20], [21],
the KMF method has been shown to be extremely effective in
permitting a rigid-link robot to learn approximations of local
kinematics and dynamics (termed ”kinodynamics”) at various
points in the robot’s taskspace. These approximations then
enabled a robot to follow various trajectories and even adapt
to changes in the robot’s kinematic structure. The approach
learns the local kinodynamics through a series of exploratory
actuation primitives and a k-Nearest Neighbor algorithm. The
algorithm can predict what inputs to the robot’s actuators will
result in a motion towards a desired set point. A major ad-
vantage of this approach is the simplification of the feedback
system: only a camera is needed to track the location of the
end-effector relative to the location of the desired set point.

The paper is organized in the following order: Section 2
reviews the architecture of KMF and the steps taken in this
work to adapt KMF to continuum robots. Section 3 describes
the experimental setup and results of using KMF with an
extensible continuum manipulator. Discussion concerning
the potential of KMF for continuum robots, especially consid-
ering a continuum manipulator deployed with KMF to enable
ISS exploration is given in Section 4. Finally, conclusions are
offered in Section 5.

2. METHODS
This section gives an overview of the established KMF
method, detailing the overall structure of the algorithm and
the specific details we utilize in our realization. Further, we
present a series of mappings that convert actuation primitives
from KMF into universal actions for continuum manipulators
by exploiting ideal kinematics.

KMF Algorithm

As detailed in [19], [20], and [21], KMF operates on a
learn-as-you-go premise by providing a robot with test mo-
tions, or actuation primitives, and then recording the re-
sulting motion of the end-effector after the primitives are
applied. A collection of these exploratory primitives across
the robot’s work-space can then be used to approximate the
local kinematics and dynamics of the system and provide
a best-fit approximation of what actuation would provide
desired motion. After the conclusion of each motion, the
resulting movement is compared to the anticipated motion
of the end-effector in order to evaluate the accuracy of the
approximated ”kinodynamic” model. If significant difference
exists between expectation and reality, the algorithm triggers
a new exploratory phase in order to better sample the local
space.

In this work, we use a slightly modified implementation of
that proposed in the original KMF works. First, we start with
the premise of actuation primitives: a control signal �(t), in
this case either a voltage or pressure, that varies as a function
of time:

�(t) =

�
�p if t 2 [t0; t0 + dp)
0 if t 2 (�1; t0) [ (t0 + dp;1) ; (1)

where �p is defined to be the magnitude of the actuation
primitive and dp is the duration of the primitive. The value t0

denotes the start time of the action. In this implementation,
the value dp is constant at 1s throughout execution, and all in-
dividual actuation primitives share the same start value t0 for
each separate motion. Throughout the execution of KMF, the
controller is recording the set pi of all meaningful actuation
primitives executed on the robot, including primitives from
both exploration behavior and model predicted behavior.

Next, we describe the process of using the collected data set
pi to produce desirable actuation primitives that will drive
the end-effector to a goal location. In this implementation,
we will generalize the dimension of our actuator primitives,
and subsequent results, to match our later implementation on
hardware. To begin, let p̂ be an actuation primitive whose
parameters �(p̂) will cause the end-effector to move towards
a desired goal. We assume no knowledge about the robot’s
kinematics or dynamics, and given this, we must estimate the
values �(p̂) that will give us the desired motion. The desired
primitive consists of n elements – one for each DoF:

b1 =

26664
�1

p (p̂)
�2

p (p̂)
...

�n
p (p̂)

37775 : (2)

For traditional rigid-link robots, the number of elements in
the primitive is also equivalent to the number of actuators. In
this implementation, as with the initial implementation, the
estimation of p̂ is to be determined as a linear combination
of the k-nearest neighbor (k-NN) primitives previously ex-
ecuted and saved in the controller’s memory. These k-NN
primitives are selected according to the distance between the
current end-effector location and the starting position of each
primitive executed in memory. The resulting k-NN primitives
are labeled as p1. . .pk. The linear combination of these k-NN
primitives can be expressed in the matrix form:

A1x = b1 (3)

where x = [x0; x1; : : : ; xk]T , is an as yet unknown weight
vector. The matrix A1 contains the parameters of the k-NN
primitives:

A1 =

0BBB@
1 �1

p (p1) �1
p (p2) : : : �1

p (pk)
1 �2

p (p1) �2
p (p2) : : : �2

p (pk)
...

1 �n
p (p1) �n

p (p2) : : : �n
p (pk)

1CCCA
n�(k+1)

; (4)

where �p(pi) is the magnitude of the i-th actuation primi-
tive. We solve for the unknown coefficients xi using readily
available information concerning the results of our previously
experienced k-NN actuation primitives. We thus describe the
matrix:

A2 =

0BBB@
1 �x(p1) �x(p2) : : : �x(pk)
1 �y(p1) �y(p2) : : : �y(pk)

...
1 �z(p1) �z(p2) : : : �z(pk)

1CCCA
3�(k+1)

;

(5)

in which [�x(pi)�y(pi)�z(pi)]
T is the relative displace-

ment experienced by the end-effector upon execution of the
primitive pi. Utilizing knowledge of both the manipulator’s
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current end-effector location and the location of the goal
destination, we can choose a simple desired displacement for
the end-effector to move towards the goal. If the distance
between the end-effector is sufficiently small, we can choose
the next desired motion to move directly to the desired goal
or take an incremental step towards our goal. Regardless, the
desired motion is summarized as a relative displacement of
the end-effector in global coordinates:

b2 =

24�x(p̂)
�y(p̂)
�z(p̂)

35 (6)

After designating our desired motion, we can calculate the
coefficients fxig by solving for x in the equation:

A2x = b2 (7)

As discussed in [19], the rank of matrix A2 is not guaranteed
to be full, allowing variability in the solution for x. We
once again solve this problem using least squares regression
to find a best-fit approximation for x. Once calculated, we
can use equation 4 to find the desired primitive parameters
�p(p̂) in b1. One final adjustment is the weighting of the k-NN
primitives according to the distance between the current end-
effector location and the starting location of each primitive.
By adding this set of weights, wi. . .wk, we obtain a weighted
least squares solution when solving 7. Thus, equations 4 and
7 are adjusted as follows:�

A1Wx = b1
A2Wx = b2

; (8)

where W = diag(1,w1; w2; : : : ; wk).

Continuum OctArm Implementation

The OctArm, illustrated in Figure 1, is a 3-section, 9 DoF
continuum robot, actuated by pneumatically driven McK-
ibben actuators. Pressuring the McKibben muscle creates
extension along the length of an individual muscle. By
connecting three of these muscles (or sets of them at equal
pressures) in parallel to form a continuum section, we can
extend said section by pressurizing all muscles simultane-
ously by the same amount or create bending by differentially
pressurizing the muscles. The OctArm is then comprised of
three of these serially connected sections, with each section
actuated by three independently controlled pressures, and
capable of independent extension and two DoF of spatial
bending, providing the OctArm 9 DoF overall. The overall
length of the OctArm can range from 1.07m to 1.38m.

In this work, we choose to model the continuum kinematics
using the model described in [5]. This constant-curvature
model describes a single extensible continuum section using
3 values: 2 bending magnitudes u and v, and arc-length s.
The bending magnitudes convey bending along two orthog-
onal axes, u about the local X-axis, and v about the local
Y-axis. The combined magnitude of u and v gives the overall
bending magnitude of the section and their relative value
gives the direction of bending as described by � = tan�1( v

u ).
We choose this kinematic description from among the other
valid models due to the simplicity of mapping from kinematic
values to actuator values, as provided in [22] and reproduced

Figure 1. OctArm Continuum Manipulator

below:

l1 = s(t)� d � v(t) (9)

l2 = s(t) +
d � v(t)

2
+

p
3d � u(t)

2
(10)

l3 = s(t) +
d � v(t)

2
�
p

3d � u(t)

2
(11)

KMF for continuum manipulator

As outlined in the initial development of KMF, the action
primitives, �(t), supplied by the method are not limited by
action type or actuation method. When adapted to continuum
robots, there are two main types of actuation to be considered:
tendon driven devices actuated through electric motors and
pneumatically driven artificial muscles. The cases of both
extensible and non-extensible manipulators also need to be
taken into account. In considering non-extensible, tendon
driven robots, one cannot simply pull on a single tendon
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