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Abstract—Traditional soft robot steering using different de-
vices, such as a mouse or joystick, provides convenient ways to
move the robot’s tip around in omni-direction, but they may
need to be more user-friendly for redundant soft robots as the
null space motion can be difficult to teleoperate. In this work,
we propose an intuitive approach as a framework to steer a two-
segment soft-bodied robot in 3-D space using motile gestures. A
lightweight hand-tracking device is employed as the input device
to define the position and orientation of the robot tip, and the
tip motion can be synchronized from the hand gesture — which is
estimated and enhanced by a Kalman Filter (KF) and Low-pass
Filter with Spherical Linear Interpolation (LPF-SLERP) - in
real-time. The inverse kinematics (IK) can be rapidly computed
based on the convex optimization online. Different hand gestures
can be understood to execute the prescribed constrained robot
motion. A hardware-in-the-loop simulator and extensive proto-
type experiments are presented to verify the performance and
robustness of the framework. Experiment results show that the
master-follower control runs with a steady 11 Hz update rate,
and the measured robot’s configurations are within 2 mm (for a
100-mm slender manipulator) in either axis in free space steering.
This work contributes an intuitive, comprehensible, and low-cost
steering framework for redundant soft robots with multi-mode
motion, rapid IK computation, and satisfactory accuracy.

Index Terms—Soft Robotics, Tele-operation, Motion Control,
Hardware-in-the-Loop Simulation.

I. INTRODUCTION

OFT-BODIED robots are usually composed of soft-touch

materials, making the robots compliant and dexterous.
These features are desirable in many applications, such as
robot-assisted minimally invasive surgery [1]-[3], human—
robot interaction [4], and object manipulation [5].

Unlike conventional robotic arms with rotary joints,
extrinsically-actuated soft robots are, in most cases, driven by
cables or tendons [2]. The full control of a soft robot’s tip
requires inverse kinematics (IK) mapping from the actuator
space to the task space with the configuration space that
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Fig. 1. A conceptual schematic shows the steering of a two-segment soft-
bodied robot using hand gestures via an LMC device. Notation - { P}: Palm
frame; {L}: LMC frame; {W}: World frame (spatially fixed); {B}: SoRo
Base frame; { B}: SoRo Middle frame; {T'}: SoRo Tip frame. Note that { P}
w.r.t. {L} is made proportionally equivalent to {T'} w.r.t. {W}.

geometrically relates them [6]. Hence, steering a multisegment
soft robot can sometimes be challenging. Unless the desired
tip orientation is defined, a soft robot with two articulated
segments may have multiple inverse solutions for a given
desired tip position [3]. Despite the difficulties, it is relatively
straightforward to assign a spatial tip frame to the robot tip
using articulated input devices with multiple dimensions, such
as the 3-DOF Novint Falcon, the 6-DOF Geomagic Touch,
and the 7-DOF Master Tool Manipulator (MTM) from the
da Vinci surgical system. However, it is not straightforward
to control the robot configuration with a single input device
when the robot has more controllable DOFs than that of the
input device. If additional constraints are required during the
operation, it may be beyond the capabilities of these devices.

A Leap Motion®Controller (LMC) is an optical hand track-
ing module that captures the movements of hands with an
average accuracy of 0.7 mm [7], [8]. It discerns 27 distinct
hand elements, like the position and orientation of the palm,
the pose of each finger, left/right hand, etc., allowing a
markerless and complex gesture input for the control of rigid-
bodied robots. Similar to other input devices, the majority
of these studies [9]-[12] mainly focus on utilizing the LMC
to teleoperate a gripper or an end-effector of the robots
through different gestures. With a rich amount of sensing
data available in one gesture, LMC provides a promising
application in the simultaneous control of multiple segments
of a hyper-redundant soft robot. A conceptual schematic in
Fig. 1 illustrates the main idea of this work.

A. Related Works

A number of works have been done towards autonomous
soft-bodied robots. Without any interactive inputs, the robot’s
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motion can be automatically adjusted to fit the requirements
based on the prescribed task and real-time feedback [13]-[16].
Based on the model predictive control, the soft continuum
robots can accurately follow the pre-assigned tip trajectory
[17], [18], while the tip orientations are usually not taken
care of. Optimization-based motion planner can be utilized
to control the tip orientation while performing tip trajectory
tracking and obstacle avoidance task [19]. By learning from
the physical simulation, redundant soft robots can deliver
autonomous collision-free navigation with the whole body
motion being constrained [20].

A real-time interactive control usually deploys a master—
follower (MF) mechanism [21] for the steering. For a soft
pneumatic manipulator, the user can control it using sev-
eral syringes that pressurize the internal air chambers [22].
However, this method is far from intuitive, and it would be
incomprehensible when there is more than one segment. By
exploiting the IK, user-friendly mastering methods, such as
Graphical User Interface (GUI)-based mouse-clicking [23]-
[25], and joystick/game-pad steering [26]-[28] have been
proposed, most of which are for surgical operation. However,
these input devices with limited controllable DOF restrict
many possible robot motions, unless with multiple of them
[29]. Here, we argue that the intuitiveness in teleoperation
is highly dependent on the DOFs of the master devices, and
it should have proportionable DOFs of the master hand in
an appropriate form. A 7-DOF MTM is one of the examples
of exceptional intuitiveness, as it is mechanically designed to
mimic the 3-D wrist motion with sufficient DOFs.

More intuitive MF systems have been presented. Ouyang et
al. [30] designed an interactive control system to manipulate
a multisegment continuum robot by defining the robot body’s
curve using a Geomagic Touch. It is user-friendly to draw a
curve for robot pose control, but it is not ideal when continuous
motion is needed. Alternatively, one can use a kinematically
similar [31], or even identical robots [32], [33] to master-
control the follower-robot with highly synchronized motion in
real-time. Hwang and Kwon [31] tailor-made a master device
to control a dual-arm surgical continuum robot. The master
device was developed with a kinematic structure similar to
that of the surgical instrument to compress the learning curve
in the time axis. In [34], a wearable device was used to control
the unidirectional bending of a single-segment soft robot with
bending feedback from three flexible strain sensors attached
to the soft body. To ultimately eliminate the user’s learning
effort, Frazelle er al. [32] developed a kinematically similar
continuum robot as a master device to control the follower-
side robot. Furukawa et al. [33] proposed a similar method to
control a soft bending robot by using two identical robots with
wire encoders to compose an MF system, where the motion
of the master robot would be synchronized with that of the
follower robot in real-time. More recently, teleoperation of soft
robot grippers using a sensor-integrated glove with real-time
finger-tip haptic feedback has been proposed [35].

However, most of the existing MF mechanisms for soft robot
steering are limited to single segment [22]-[24] or insufficient
DOF [17], [26], [27] cases. In contrast, some cutting-edge
works for controlling the two-segment robots usually come
with complicated manipulation strategies or multiple input
devices [29], [30], resulting in a long learning curve and
complication in designing new controller devices. In addition,
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many MF mechanisms used in rigid robots aim to guide the
robots in the task space, whereas the operation of soft robots,
according to our survey summarized in Table S1, is defined
in the configuration or joint space.

B. Contributions

This work presents a gesture-based steering framework for
redundant soft robots with a gesture motion sensing device.
For the case study, we investigate the teleoperation of a
two-segment cable-driven soft robot under this framework. A
human hand can provide different gestures and wrist motions
as semantic inputs. Using an LMC, the informative gestures
and hand motions in the air can be compiled into executable
commands for the robot system in real-time. Compared to
other MF methods, this work highlights the multi-mode map-
ping of motion from hand behaviors to robot motions in 3-D
space. The robot’s tip pose can be synchronized as desired,
and a specific configuration can be achieved. Compared with
traditional input devices such as keyboards and joysticks, an
LMC can provide simultaneous 3-D position and orientation
input in an intuitive, straightforward way. The framework
contributes to soft robots’ full potential in delivering more
sophisticated motions and seamless transitions between dif-
ferent configurations and modes (one/dual segment control)
during teleoperation. Proximally constrained motions can be
easily assigned. Obstacle avoidance can also be realized by
incorporating the soft robot simulator. The framework provides
insight to enlighten the soft robot teleoperations in a somatic
way, especially for the redundant soft robots that require multi-
mode steering.

In short, this work contributes a gesture-based steering
framework for redundant soft robots, featuring:

1) An LMC-based MF-controlled system for steering a
redundant cable-driven soft robot using hand behaviors
on real-time optimization that necessitates rapid inverse
kinematics solutions from task space to joint space.

2) A multi-mode gesture—robot mapping that enables the
robot to perform complex poses in response to single-
hand gesture semantics and wrist motion; that enables
constrained robot motion like fixing positional changes
in a particular axis or locking the proximal segment
through the gesture changes with real-time optimization.

3) A filtering algorithm (Kalman filter and low-pass filter
with spherical linear interpolation, LPF-SLERP) that
allows continuous 3-D gesture inputs to smoothen the
robot motion and seamless mode transition.

To the best of our knowledge, this will be the first work
presenting the use of single-hand gestures to maneuver a
redundant soft robot in 3-D space.

II. SOFT ROBOT KINEMATICS—A COMPRESSIBLE
CURVATURE MODELING APPROACH

In this work, a two-segment cable-driven soft robot (CDSR)
was used. The dimension and assembly are shown in Fig. 2,
and the physical properties are shown in Table I (note: E -
Young’s Modulus; K, - axial stiffness; K - bending stiffness;
Ly, - original length of the kth segment). Each soft segment
was actuated by 3 cables. The proximal segment had 6 cable
passages, of which 3 of them were for the distal segment. A
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Fig. 2. (a) Assembly of the 3-D printed cable-driven soft robot [3]. The
soft material (body parts) is Agilus30 PolyJet Photopolymer from Stratasys.
The blue caps are made from PLA. (b) Sketch of the kth compressible soft
segment (Adapted from [19]).

main hollow passage was spared at the core. The cable cou-
pling design benefits a compact and miniaturized manipulator
structure but requires real-time actuation decoupling for valid
control. The soft robot has a total mass of 5 grams.

TABLE 1
PARAMETERS OF THE COMPRESSIBLE SOFT SEGMENT
E [MPa] K, [Nmm'] K7 [Nmmrad'] L [mm]
0.8 0.8550-0.9907 5.0211-5.5790 50

The soft robot is modeled under the compressible curvature
assumption [19], which is a modified piece-wise constant
curvature (PCC) model that takes the cable actuation-led
undesirable axial compression of each soft segment, as well
as the cascade compression, into consideration (see Fig. 2(b)).
In an in-extensible PCC model, the independent kth segment
can be geometrically described in the configuration space,
which includes the bending angle 6, bending direction ¢y,
and curvature . This method neglects the case of a cable-
driven soft-bodied manipulator with noteworthy strain and
segment coupling caused by the actuation mechanism itself. In
a compressible curvature model [19], the decoupled (n — 1)th
segment configuration parameterized by bending angle 6,1,
bending direction ¢,,_1, and curvature kK, _; are given by

~ 1
9n— = M?L— + K2 noi
' Ko (Mo + Kz, ()

+2Mn—1KT,n9n COs (d)n—l - (bn + C)) )

Nl=

(En—l = m—atan2 {Mn—l Ccos d)n—l + KT,non Ccos (¢Tl - C) )
Mn—l Sin ¢n—1 + KT,nen Sin (¢n - C)} 9
- @

~ 911—1

Rp—1 = ) (3)

Sn—1

respectively, where s,_1 denotes the resultant compressed
length of (n — 1)th segment. In (1) and (2), M,,—1 = rF,_1,
and F,—1 = (fs—l,l + f721—1,2 + fﬁ—l,s — fac11fno12 —
fnfl,lfnfl,B - fn7172fn71,3)%'

The ( is the installation angle between the neighboring
segment (here ( = 7). The r denotes the equidistance between
the neural axis and cable axis, and fj ; represents the force
of ith cable acting on the kth segment. As indicated in
[19], since the in-extensible cables are always kept in tension
throughout the operation, the tensile forces of cables are
analogously directed as the motor actuation based on the
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Fig. 3. The 3-D skeletal model of a left hand in LMC.

Hooke’s law, i.e., Af; o< Ag;. Note that the decoupled
rule for the distal-most segment is given by ¥,, = ¥, where

Y = [en ®n "‘Jn]T

III. HAND-LMC-ROBOT MAPPING
A. Hand Detection and Frames Transformation

An LMC uses two monochromatic IR cameras and three IR
LEDs to observe a roughly hemispherical area and reconstruct
the 3-D skeletal model of the recognized hands (see Fig. 3).
It provides rich data on a motile hand, including the palm,
fingers, velocities, etc. With a steady update rate of about 115
fps, the LMC can provide real-time input for a responsive MF
mechanism. Although our human hands are dexterous with
many DOFs, only a number of them will be monitored and
selected as the steering input.

To provide an intuitive maneuvering experience, we make
the motion of the robot tip correspond to the motion of the
palm of either hand, i.e., the palm frame {P} with respect to
(w.r.t.) the LMC frame {L} should coincide with the tip frame
{T'} w.rt. the world frame {W}. As the hand movement has
a broader range than that of the robot tip, the hand positioning
should be proportionally scaled down with the tip orientation
unchanged. The relationship can be expressed using the mul-
tiplication of homogeneous transformation matrices as

Cy
(RY) xVY _ | EVE 1506y (RE) xB
013 1 2L TC| [O1xg 1 ]7
. ~——_————
H:,W 01><3 ]- HILD
\—’_/ N

tip motion asgnm.

hand motion as input

“4)
where -
xp=[ep yp zp] )
represents the palm’s position w.rt. {L}, and HE denotes
the homogeneous transformation matrix of {A} w.r.t. {B},
T is a scaling matrix for position (see Sec. IV-B for more),
the Isx3 returns the 3-by-3 identity matrix, and (-) de-
notes the normal-direction operator for the rotation matrix
(i.e., only extracting palm’s normal by using the function
metaData.hands(1).palm.normal()), such that twist motion

of the palm along its normal direction can be excluded.

B. Hand Position Estimation using Kalman Filter

Due to the unintentional low-frequency hand trembling,
the hand-tracking data can be noisy even though the LMC



has a high tracking accuracy. The detection noises follow
the Gaussian distribution, and its state-space model is lin-
early defined [36]. Therefore, the Kalman Filter (KF) can be
employed for state estimation of position. KF is a recursive
algorithm that uses a series of noisy measurements observed
over time to estimate the unknown state of a linear dynamic
system that tends to be more accurate than those using a
single measurement. The KF describes the estimated state of a
discrete-time controlled linear dynamic system using the linear
stochastic difference equation [37]

ry=F, -x 1+ B-uy +wy, (6a)

Zt :H'wt+vt7 (6b)

where x; denotes the state factor at time step ¢, corresponding
to x% and %% of the hand motion input in (4). F; is the
state transition matrix that is applied to the state vector at
the previous time step. B is the control-input matrix which is
neglected, z; denotes the measurement vector, and H is the
observation matrix that relates the state to the measurement.
The random variables w,; and v, denote the process and
measurement noise, respectively, and they are assumed to be
independent of each other, with Gaussian probability distribu-
tions p(w) ~ N (0,Q) and p(v) ~ N (0, R), where Q and
R represent the covariance of process noise and measurement
noise, respectively.

For valid input, the user’s hand shall work within the
interaction zone of the LMC (depth up to 60 cm; 140x120°
typical field of view [7]). Therefore, in a limited volume of
space, we can assume that the infinitesimal motion of the
hand satisfies either uniform linear motion (constant velocity)
or uniform acceleration/deceleration (constant acceleration)
motion. Thus, in 3-D space, the hand motion in a discrete-
time system can be formulated as a state transition function:

- L -

Tpy _x}L?,tfl_
ip 1 At A IR
ipy| |0 L At -
yJLD,t 0 0 1 y%’,tfl
yJLD,t = . g%’,tfl
yzi?,t 1 At $A# y%,t—l
2Py 0 1 At ZPt—1
el L 0 0 1 ] |25,
-2P,t- F, —21131,1571-
+0 0 w, 00 w, 00 w)]",
(N

where At denotes the sampling time and (wg,w,,w,) rep-
resents the process noise of the hand acceleration [36]. The
observation function is given by
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where the LHS of (8) denotes the ideal positional measure-
ment.

As a recursive estimator, the KF updates the current esti-
mated state from the a priori estimated state incorporated with
the current noisy measurement. The updating process of the
KF is given as follows -

1) Predict the a priori error covariance matrix P,
P, =FP_[F] +Q. ©)

2) Compute the Kalman gain matrix K,

1

K, =P [H| {HP; (H]" + 3}7 .0

3) Update the a posteriori state error covariance matrix P,

Y

4) Update the a posteriori state estimation via measurement

P, =(1-KH)P,.

mt:a}t_+Kt(ztmet_), (12)

where x; is the a priori state estimation from (6a).

Herein, at each time step, the palm position from the a
posteriori state estimation (XILD C x;), instead of the raw
measurement, would be adopted for the MF control.

C. Hand Orientation Filtering using LPF-SLERP

The hand orientation (R%) defined in (4) returns a 3-by-3
rotation matrix for the normal direction of the palm. Since the
LMC does not provide any angular velocities, we used a low-
pass filter with spherical linear interpolation (LPF-SLERP) to
create sequences of orientations in the form of quaternions
(g € R*) to smoothen the orientation input for stable robot
motion. The quaternion interpolation q’ between ¢o and g
from SLERP is given by [38]

q' (h) = SLERP (qo,q1,h) := qo cos (hAS) + q. sin (RAJ)

(13)
where ¢ denotes the ortho-normalization of q; against qq,
and AJ is the angle between the two quaternions in R*:

1 — (aga1) do

L= (14)
g1 — (Cl?)-ch) qol|

Ad = arccos (ngl) . (15)
The interpolation parameter h is specified as a normalized
value in the closed-interval of [0, 1]. This parameter could be
dynamically updated using an LPF as

hrpr = M ~hrr + biow,

(16)
where ||+, -|| p returns the angular distance between the quater-
nions in radians, hry, € [0, 1] denotes the range limit, and b;,,
is the low-pass parameter. Then, the current quaternion can be
updated by the LPF-SLERP as q; := SLERP (q0,91, hrpr)
such that a smooth change in orientation input can be obtained.
In principle, an LPF-SLERP-based method for filtering hand
orientation will be sufficient and computationally efficient [39]
for online motion generation for robotic manipulation [40].
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D. Gesture Shortcuts: Constrained Motion Control

When using a mouse or a conventional haptic device to
steer a redundant soft robot, it is challenging to define many
special motions, especially the null space motions. This work
uses a series of simple gesture shortcuts to define different
constraints for the robot when following the trajectory from the
input devices, achieving multi-mode control that significantly
facilitates the teleoperation of multisegment soft robots. A
finger is considered extended if the finger keeps straight. On
the contrary, a finger is considered not extended when it is
curled towards the palm. On this basis, we employed a boolean
vector to represent a gestured hand as

g - [gthumb gindem gmiddle gring gpinky} T 3 (17)

where
1, extended

gfinger = {0, (13)

curled.

The assignment of shortcut gesture should consider the
comfortability—for example, the [0,1,0,1,0]" gesture will be
a torment. Although, theoretically, a single hand could provide
up to 120 combinations of hand gestures, the selected gestures
should be comfortable to pose and easy to memorize for the
user. As shown in Fig. 4, in addition to the general palm
mode, three additional simple gestures were pre-assigned to
the shortcuts for different constrained robot motions:

Palm: General control of the position and orientation of tip
frame {T'} using the position and orientation of palm frame
{P} with the twist motion of our hand (i.e., rotating the palm
w.r.t. its center) neglected.

V-Sign: Constrained control of the position and orientation
of tip frame {7} using the position and orientation of palm

frame {P} with tip position being constrained at x) =

0 0 Z]T where Z is the only positional variable.

Thumbs-up: Constrained control of the position of tip
frame {T'} using the position of palm frame {P} with tip
position being constrained at x¥ = [O 0 Z] where Z
is the only positional variable, and tip orientation being fixed
to become identical to the world frame {W}, i.e., forming a
straight configuration.

Fist-pump: Constrained control of the position and orien-
tation of tip frame {7} using the position and orientation of
palm frame {P} with the proximal segment being locked as
the final updated pose before the detection of the fist. In other
words, moving a fist-pump in mid-air will only control the
distal segment, with the proximal segment being frozen.

With that being defined, equation (4) can be modified as

HY :=TG,,H%,  if IGinger = 1, (19)
where
Gsign =
1 0 . 0
. L
s 11 | Ixs O | (RE) 0
1 1 1
O1x3 1 O1x3 1 013 1
palm v—sign thumbs—up
(20)

The fist-pump gestures have an alternative computation
scheme, which will be introduced in the following subsection.
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Fig. 4. Gesticulation definition for different constraints of robot motion.

E. Optimization-based Constrained Motion MF Control

As demonstrated in Fig. 1, the soft manipulator is perpendic-
ularly mounted on a linear slide to form an insertion—retraction
motion (i.e. gg > 0). At an instantaneous moment of ¢, the
actuation qp;) can be noted as

.
aqy= [0 @1 G2 @3 @1 @2 @3], QD

T .
where q. = [q1,1 g2,3] € QF is defined as the cable
actuation. The homogeneous transformation matrix of the tip
w.r.t. the world frame can be expressed as

2

H?vp (q) = Hgase (QO) : H Hi_l (q(')
k=1 (22)

_ [Taxs H][RY 9][RY =S
O1x3 1] [O1x3 1] [O1x3 1]
where H = [0,0,qo]" denotes the slide’s translation, and

cos (Ek (1 — cos 67;@)
sin dy (1 — cos ék) ;o (23)

sin Qk

~ 1
ok—1 k—1
X, =X (d’k) ==

Kk

R; ™' = Rot (Zk—17¢k> -Rot (}_’k—h@k) -Rot (Zk, _¢k2 :
(24)
Given a linear tip velocity x € R3 in frame {W}, the
corresponding velocity of actuation that drives the robot tip
can be computed by
G =J%+ (Irxr = J'J) dw, (25)
where J € R3*7 is a wide Jacobian matrix inferring a redun-
dant robot, and ()T denotes the right pseudo inverse operator.
The g projects the null space of J. In a discrete-time system,
the changes in the tip position in an infinitesimal period of
time Ax can be approximated based on the changes of the
infinitesimal actuation Agq, such that Aq = JfAx, which
may provide multiple solutions due to the system redundancy.
Therefore, we used the damped least square (DLS) method
[41] to deal with the IK to get rid of the singularity and null
space problem under the suitable parameters. In our case, the
DLS that solves the IK can be formulated by converging the



changes of tip positions, orientation, and joint motion as the
following convex least-square optimization:

3
arg min|[JAq—Ax|3+> (19 (Age) — AL |3+ A2 Aqll3
Aq N>—m——— —

i=1

position least motion

orientation
s.t. A- Aq <b and @umin < q < Gmax,

(26)
where AQ; = A [a B W]T denotes the desired instanta-
neous change of tip orientation, and Q; (Aq.) denotes the
optimized change of tip orientation, all in Euler representation.
The robot motion is bounded by the least motion associated
to a non-zero damping constant A € R /{0}. Based on the
workspace, accuracy, and hardware limitation, we empirically
set the inequality constraints as A = diag[1072,1,1,1,1,1,1]
and b = 1072 - ones(7,1), with the bounded conditions in
Gunin = —[0,2,2,2,2,2,2]" and gumax = [60,0,0,0,0,0,0]".
Similarly, the fist gesture, which defines the proximal segment
to be locked, can be utilized to formulate an optimization
problem by converging the changes of tip and mid-point
positions and joint motion as

argmin [JAq — Ax|[3 + ||JarAq — Axarl3 + || Aqel3
Agq ——

position mid position least motion
st. A- Aq < b and Gmin < q < dmax;

27

where J ;s Aq kinematically computes the mid-point position.
With instant optimization, the consistent update of the
change of desired tip position and orientation generates the
real-time output of required actuation that flexes the soft
robot to the proper configuration with the designated tip pose.
The shortcut motions can be defined by formulating a case-
switching logic as shown in Algorithm 1. Here we use H to

note the noisy raw input, and H for the aftermath of denoising.

IV. HARDWARE-IN-THE-LOOP SIMULATION EXPERIMENT

The framework’s steering performance was examined
through HIL simulation, where an LMC was used as the input
device to teleoperate a virtual two-segment CDSR. A Matlab-
based CDSR simulator has been developed in previous work
[19]. The simulator requires the cable and slide actuation as the
input and demonstrates a two-segment soft robot in real-time
3-D animation. The official LeapSDK Orion 4.0.0 features a
C-style API called LeapC for accessing the hand-tracking data
from the LMC. In this work, the LeapC was compiled by
Microsoft Visual C++ 2019 in Matlab environment using the
mex-file from Matleap [42]. To achieve real-time control, we
solved the optimization functions using fmincon in Matlab
and interpreted the program in C. After examining different
nonlinear optimization algorithms, we empirically employed
the sequential quadratic programming (SQP) method as the
option in fmincon for the sake of balancing computational
speed and accuracy. The optimization rate was higher than
the update rate of hand detection, ensuring real-time control,
while the 3-D simulator was updated at about 15 Hz.

A. Hand Tracking

Before using the LMC for the experiment, we need to
ensure reliable accuracy in hand tracking in both position and
orientation after the filtering. In order to do that, we can use
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Algorithm 1: Gesture-based rapid IK optimization

Input: Palm pose I:If;, Gesture Recognition G.
Result: Actuation g;;) € R™*" at frame ¢.
1 Initialization;
2 while True do
3 Query HY < LMC.Matleap(1); % One-hand detection.
4 if isEmpty(H%) == 0 then

5 Compute HY JELLPF-SLERP I:iqw 3 %
Real-time data estimation & filtering.

6 Compute HY « I'H%;% Frames Transformation.

7 AsSign Xgesired as xqu; 9% Desired position.

8 Assign Qqesirea as rotm2eul ((RY)); % Desired
normal orientation in euler.

9 Query G < get.Fingers(); % Gesture recognition.

10 if a11(G) ¢ 0 then

11 % Palm, V-sign, Thumbs-up, and others but fist.

12 HY « I'G,iynHE;

13 Calculate x)¥ = forwardKine (qeurrent);

14 Calculate AX = Xgesired — xqu;

15 Calculate AQ = Qgesireqa — OV ;

16 Compute

Aq + arg minag{objFun (Ax, AQ)}; (26)
Set qcurrent < dprevious + AQ;

17 Update Qprevious < qcurrent;

18 else

19 % Fist: Proximal segment frozen.

20 Calculate x4, 2% = forwardKine (qeurrent);
21 Calculate Axpyr = x%demed - XXZ;

2 Calculate AX = Xgesired — X ;

23 Compute Aq <

arg minaq{obj Funperizea (A%, x1r)}; (27)
Set qcurrent < qprevious + Aq,

24 | Update gprevious <= Geurrent;
25 else
26 Assign boundary/safe values as x¢ then

| compute/set Geurrent;
27 L Set qt) < Qcurrents (21)
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Fig. 5. A test to check the tracking accuracy of the LMC equipped with our
filtering algorithm. The green and blue paths reflect the tracking performance
of xf)‘ indes 20d xé, respectively. The angle diagram denotes the normal
orientation of the palm along with the tracking.

an object with a known size as a reference and finger-track its
outline. Based on the intrinsic accuracy of 0.7 mm that was
learned from a LMC’s study [8], the initial parameters of the
KF were empirically determined as P = 0.7-eye(9) with the
sampling time At =~ 30 ms being updated. The initial matrices
(2 and R can be determined by the adaptive method described
in [43]. As shown in Fig. 5, we used a soft A4 paper to test
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much as possible. The position of the fist was used to control the position of the distal tip, from D to @.
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point. The ex sim and e@ sim indicates that the HIL simulator could project an accurate configuration response to the gesture input.

the tracking accuracy of the LMC with our filtering method.
The sampling rate was 115 Hz (i.e., factory setting of the
LMC). It can be seen that the sensed x%,‘mdex and x}LD can
well-fit the dimension of the paper’s edges. Here, the accuracy
for finger tracking is higher than palm tracking because, for
the finger, only one finger is being tracked by the LMC, and
the finger can easily follow the outer edge of the paper as
closely as possible to complete one full turn. On the contrary,
for palm tracking, the intrinsic LMC tracking algorithm relies
on tracking multiple features to compute the palm position.
Besides, the exact palm position cannot be easily visualized
by the user, so a discrepancy exists in the measured palm
path. Also, the result also implies that it is difficult for our
human hand to draw a perfectly straight line in mid-air but
can stabilize the palm orientation relatively better. Therefore,
a scaling matrix for position I', which has been previously
mentioned in (4), would be necessary to reduce the input
sensitivity in positioning.

To avoid abnormal robot operations, we set the boundary
for the allowable spatial position of a hand as 30x30x30 cm,
and 10 cm above the LMC device. If the hand accidentally
moves out of this boundary, or if the LMC cannot detect the
hand, the last valid input will be used and fed to the robot.

B. Robot Steering in HIL Simulator

We developed a reproducible HIL simulation platform that
allows the real-time control of both the position and orientation
of a two-segment CDSR using a single LMC device. At each

time step, the instantaneous output q;; generated by algorithm
1 was assigned to the simulator. The simulator received the
actuation command and animated the robot motion forwardly
calculated using compressible curvature kinematics (Sec. II).
A series of demonstrations are shown in Fig. 6 and in video
S1 as well. The positional parameter of the scaling matrix
I' were set as ¢, = 0.2, ¢, = —0.2, and ¢, = —0.2, with
A =1 based on the subjective evaluation of the maneuvering
sensitivity and comfortableness. The ¢ values act as a tuning
parameter to amplify or reduce the hand motion of the robot.
I' matrix shall be customized based on the prototype, so as
the shortcuts.

The error between the tip position assignment x'¥ and the
tip position of the simulator x%‘f «im 15 given by ex ¢im
xy¥ —xW ., and the orientation error is given by e _sim
ey — ©7 4> Where xq"lfsim(q[t]) and @%‘fsim(q[t]) compute
the simulated tip position and orientation that employ the
forward kinematics with the input of g, respectively. We
give an example in Fig. 7(a), where an co-path was plotted as
a reference guide and the author tried to maneuver the robot
tip to draw the path with consistent palm direction using the
regular mode (G = [1 1 11 1} T). The error diagram
shows that ey iy, and e@ g Were minor (within 1 mm and
2°). In Fig. 7(b), we manipulated the tip to locate a fixed point
of [—15,—20,140] mm in {W}, and simultaneously rotated
the tip direction around this point (i.e., null space motion)
using the same regular mode. The error diagrams are also
found satisfactory with acceptable deviations.
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Palm-V-sign-Palm; (d) Regular palm modes.

As switching input modes via gesture shortcuts may be fre-
quently used in our work, it would be interesting to see how the
LPF-SLERP and simulator react to the orientation transition
during gesture switching. Therefore, we tried switching input
modes by changing the gesture of a dynamically rotating
hand'. As shown in Fig. 8(a), we attempted to rotate the
orientation input while changing the modes from “palm” to
“fist” to “palm.” Since the yaw motion of the palm’s normal
is invalid (see Eq. (4)), only the rolling and pitching are
demonstrated. The result shows seamless, smooth transition
performance during the gesture switch. When the proximal
segment’s motion was restricted from any motion, the IK
solver could still evolve and adapt to orientation input at
full capacity while constraining the robot’s body. Fig. 8(b)
depicts the result of defining similar gestures switch but using
“thumbs-up” mode that calls for a straight robot configuration
in the middle instead, and Fig. 8(c) for the “V-sign” mode that
constrains the position assignment of X — Y plane to zero.
These results provide insight into how our controller handles
sudden changes in the robot’s tip orientation seamlessly during
the transition between gesture modes enabled by the filters;
that deviations could be gradually approximated to the desired
input over time.

V. PROTOTYPE EXPERIMENT & DISCUSSION

The prototype setup is shown in Fig. 1 and Fig. 2, which
has been used in [19]. To ensure open-loop accuracy, we
used servo motors with 4096 pulse/rev positioning feedback
(Dynamixel XM430-W350, ROBOTIS) for the robot joints.
An Intel D435 RGB-D camera was used to form an eye-
to-hand visual measurement platform to collect experimental
data for evaluation. To measure the tip pointing direction, we
used an additional blue marker, such that the pointing direction
can be approximately computed as @7‘4’7 mea = atan2(||x¥ —
Xgarker”XY7 ||X1Wixnvf[farker|‘z)a where ”XA*XBH* denotes
the distance between A and B in the sub-scripted plane or axis
expressed in {W}.

A. Instantaneity and Synchronization

The performance in teleoperation tasks depends on a num-
ber of factors. Our hand motion does not provide a high input
accuracy, but it can work together with our eyes or other

'In the sense of rotating our wrist and switching gestures at the same time.

Random maneuvering
based on gesture input

Update Freq. [Hz]
=5

0 20 40 60 80
Time [s]

100 120 140

Fig. 9. Up: video snapshot of the robot’s 3-D motion based on real-time
gesture input. The video was taken using a monocular camera. Down: update
frequency for each while-loop of computation and motors actuation.

sensors in a closed-loop way to alleviate the problem. Never-
theless, the latency between the input command and the robot
action could lead to error or even failure in the teleoperation.
In the experiment, the process of IK computation and robot
actuation was updated at about 11 Hz during the manipulation,
with about 0.09-second delay between hand motion and robot
motion, enabling an MF control in highly responsive syn-
chronization. Based on random steering (including the gesture
shortcuts and different hand speeds) for about 130 seconds, we
plotted Fig. 9 showing the update frequency of the while-loop,
which included the IK computation and motors actuation. The
result demonstrates a stable steering performance with rapid
response, which is one of the most critical factors for an MF
robotic system.

B. Accuracy: Simulator v. Prototype

We first examined tip positioning accuracy and hand signal
filtering effectiveness by maneuvering the robot tip to (i) the
desired spatial position for an 8-second stay and (ii) the desired
path as in the simulator. Hence, the error terms for evaluation
could be defined as:

Ex,eap = ”X’IZ}“V;sim - X’ZV“[fmea” (28)
€Oe,cap = H(a'lvl{szm - e'lvl{mea”

The experiment results of (i) and (ii) are shown in Fig. 10(a-
b) and Fig. 10(c-d), respectively. The results indicate that the
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TABLE 11
ERRORS BETWEEN SIMULATION AND EXPERIMENT OF THE POIS ON A 100-MM LENGTH ROBOT (UNIT: MM)
Position of POI w.r.t. {W} {B} {M} {T}
Axist X Y Z X Y Z X Y Z
sim. 0 0 50 0 0 100 0 0 150
Config. 0 exp. 1.769 0 49.97 1.436 0 100.3 0.102 0 150.249
err. -1.769 0 0.03 -1.436 0 -0.3 -0.102 0 -0.249
err. norm 1.769 1.467 0.269
sim. 0 0 48 -8.639 -3.296 97.56 7475 -2.036 146.6
Config. 1 exp. 1.674 0 46.38 -6.843 -5 97 7.401 -2 147.3
err. -1.674 0 1.62 -1.796 1.704 0.56 0.0740 -0.036 -0.7
err. norm 2.330 2.538 0.705
sim. 0 0 44.36 6.467 -3.478 93.98 8.355 -4.397 143.9
Config. 2 exp. 1.775 -1 44.19 6.042 -2 92.7 9.157 -5 143.5
err. -1.775 1 0.17 0.425 -1.478 1.28 -0.802 -0.603 0.4
err. norm 2.044 2.001 1.080
sim. 0 0 40.19 -1.332 -4.908 90.2 6.280 -6.621 139.5
Config. 3 exp. 1.697 -1 41.38 -2.127 -3 91.4 5.982 -6 139.4
err. -1.697 1 -1.19 0.795 -1.908 -1.2 0.298 -0.621 0.1
err. norm 2.301 2.390 0.696

TThe Y in exp. denotes the depth measurement from the RGB-D camera, with a resolution of 1 mm.
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Fig. 10. (a-b) Control the robot tip to reach an arbitrary position within
the workspace for a hovering. This result reflects the performance of input
filtering, as our hands should be trembling in the mid-air without any support.
(a) palm gesture: general control; (b) V-sign gesture: constrained motion
control where the tip should be moved at [0, 0, Z ]T. (c-d) Maneuver the robot
tip in 3-D space. The simulated path and the measured path are close, with a
steady-state norm positioning error at about 4 mm, and orientation (pointing
direction) error within 5 degrees.

real-time pose of the robot tip being visually measured could
satisfactorily align with the simulator’s prediction. Therefore,
the robot tip can be well-maneuvered as desired. In the steady-

state, the norm positioning errors can be within 4 mm (while
in the reachable workspace), and the pointing direction error
is within 5 degrees. Robot modeling and prototype fabrication
should be made accountable for the errors. Since the simulator
is developed based on a particular soft robot model, the real
prototype may not precisely reveal the model’s prediction.
Besides, the fabrication and robot assembly defects cannot be
eliminated for our current prototype.

We have evaluated the predicted manipulator’s motion ac-
curacy in free space. In order to do that, we measured the
positional errors between the simulation and experiments of
the POIs, namely, {B}, {M}, and {T'}, with the concerning
results shown in Table II. Different static configurations were
posed based on the specific gestures, as shown in Fig. 11.
The results from Table II indicate that the deviations are
within 2 mm on each axis. Various factors, such as gesture
sensing (master side), prototype installation (follower side),
and 3-D measurement (evaluation side), may contribute to the
errors. It is concluded that our prototype robot could accurately
reproduce the predicted motion from the simulator.

With that being said, an MF system is not necessarily as
highly accurate as the simulator because the user could adjust
gestures in situ based on his/her perception. Whenever the soft
robot interacts with the environment, without stiffness com-
pensation, there is a high chance that the robot would passively
comply with the surroundings. Therefore, the effectiveness of
real-world manipulation shall be examined.

C. Maneuverability

We can interactively control the soft robot for real-world
manipulation based on satisfactory synchronization and reli-
able accuracy in free space. In this subsection, we demonstrate
the maneuverability by steering the robot to conduct some
light-weighted interactive tasks.

As shown in Fig. 12, some loosely installed LEDs were
used. The mission was to either stiffen or loosen the LEDs
by touching them via the robot tip. Steered by the gesture
motion, we could efficiently drive the robot tip to touch the
desired LEDs. When the robot was in touch with the external
object, it may not go as the prediction developed based on
the free-space IK. However, the user can still slightly fine-
tune the gesture pose by intuition for robot adjustment. The
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Fig. 11. Different robot configurations (poses) for Table II.

demonstration showcases the potential use of redundant soft
robots to manipulate fragile objects remotely using a single
gesture recognition-based input device.

Since our robot was intended to perform tasks through
teleoperation, we conducted a series of tests to simulate using
soft robots for general pick-and-place tasks. As shown in Fig.
13, a metal hook was attached to the robot tip, which was then
used to pick up a small object on the uneven and sticky tissue
phantom. The picking process involved (i) the approaching of
the tip to the object, (ii) the alignment of the hook and the
object, (iii) the action that lifts the object, which was stuck
on the phantom surface, and (iv) dropping. Completing such
a process through a mouse or joystick could be challenging,
as it requires synchronized position and orientation control
in order to successfully insert the hook and pass through the
object. Also, the proximal segment is temporally locked to
facilitate object pickup with the distal segment, after which
the robot restores to full capability during approach and drop-
off. Here, multi-mode steering inputs are required to complete
the task, and the result shows that a novice examiner can
successfully finish the picking. For these load-carrying trials,
the robot was operating at a slow speed and the quasi-
static approximation remains valid without observing large
oscillation. Despite the inevitable discrepancy, users can still
complete the task through monitoring by providing additional
motion input through the steering to compensate for the error.
The results show that the steering framework can be used in
real-world teleoperation without employing articulated input
devices, which is ideal for virtual reality (VR)-assisted tasks.

D. Obstacle Avoidance Steering in Structured Environments

Unlike the traditional haptic devices that may provide force
feedback to the human hand, the LMC only reads. Therefore,
our method cannot inform users of any robot-obstacle collision
cases. To compensate for this drawback, we propose a method

IEEE/ASME TRANSACTIONS ON MECHATRONICS. PREPRINT VERSION

to reduce the chance of robot-obstacle collision. The robot
model and the task constraints (obstacles) will first be rendered
in the simulator, and the LMC inputs will execute the robot in
the virtual world to ensure collision-free configurations before
transferring the motion back to the actual robot.

Assuming that a sphere obstructed the robot body when
the robot was trying to move in a straight line, information
such as the size and the location could be evaluated through
sensors (e.g., camera) and updated accordingly in the virtual
world. The robot configuration that can follow the input
path as closely as possible while avoiding collision can be
computed by making use of the null space motion. We further
implemented this principle in the real-time teleoperation based
on the obstacle-avoidance optimization method [19] that con-
tinuously maximize the damped shortest distance between the
obstacle surface O and robot’s circumference S(Agq), given
the radius of obstacle R,,s and robot R, in a structured

environment:
2

Rops + R
. 2 obs ST 2 2
argmm--~||z+77‘ : + 22013
Ag M~~~ m1n||S(Aq) —OHg 9 N———
position east motion
obstacle avoidance
(29)

As shown in Fig. 14, the LMC detects our hand motions and
commands the robot to move in a straight line without the user
paying attention to the obstacle (sphere) in front of the robot
located at (0 0 120) mm w.r.t. {WW} with a radius of 10 mm.
Regardless of any hand motion that could have resulted in a
collision, the soft robot can adjust its body to finish the primary
tip-following task as much as possible. Experiment results
indicate that the collision avoidance motion would have limited
effects on the tip positioning accuracy when encountering an
obstacle. The position deviations along the X and Y axes are
within 2 mm, and the maximum deviations along the Z axis
are within 4 mm. By increasing the damping parameter 7, one
can reduce the chance of robot-obstacle collision but at the cost
of trading off the tip following accuracy. The simulation output
can be further utilized in the physical robot. This application
could be helpful for soft robot teleoperation in a structured
environment, as users can ignore the obstructed scene and
focus more on the manipulation task.

VI. CONCLUSION

In this work, we proposed a gesture-based steering frame-
work for redundant soft robots. Our teleportation method mer-
its intuitiveness, instantaneity, and cost-effectiveness. Users
can directly assign the palm pose as the definition of the
robot tip pose for real-time maneuvering. The KF and LPF-
SLERP were employed for hand motion estimation and filter-
ing. Several shortcut gestures were provided for the robot’s
constrained motion. The IK can be rapidly computed based
on the optimization algorithm, which is fast enough for
real-time performance. We contributed an interactive LMC—
virtual robot simulator that can be used to verify our idea.
Prototypical experiments have also been conducted to verify
the effectiveness of our method and the control accuracy of the
system. Manipulations that simulate the dedicated tasks were
performed, which further support the framework’s feasibility.

We acknowledge the limitations, such as the limited sensing
accuracy of the LMC device and the lack of haptic feedback
for the operators. However, the actual accuracy can be im-
proved by incorporating sensory feedback into the controller.
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Operation 2 Operation 1

Fig. 12. Real-time MF manipulation using gesture. Operation 1: The red LED was loosely installed on a breadboard. We steered the soft robot to touch the
LED and make it glow twice. Operation 2: The red and blue LEDs were connected in parallel and only the red would work (due to the different forward
bias voltage). We steered the robot to loosen the red LED and made the blue one glow instead (Captured from the supplementary video S2).
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Picking 2

Fig. 13. Real-time master-follower manipulation using different gesture modes: picking up a 9-mm bullet case (weighs about 4 grams, which is 80% of the
soft robot’s mass) in different locations on an uneven and sticky tissue phantom. (Images were captured from the supplementary video S1).
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Fig. 14. Maneuvering a soft robot in the simulator with the hand moving
straight — a move that could have caused a collision between the robot and the
known obstacle. With the obstacle-avoidance mode on, the chance of collision
can be minimized in run time due to the utilization of null space motion
optimization. The collision avoidance motion affects the steering accuracy
within 4 mm in zq‘iv , and within 2 mm in mgy and y¥/ .

In terms of application, we envision somatic teleoperation
on soft robots with more motion-sensing devices (like using
the front camera of a cellphone with gesture detection algo-
rithms). This will make robot teleoperation more accessible to
a wider audience. In addition, the framework can possibly be
used in VR/AR-related operations where the operators’ vision
is immersed in the virtual scenes. As one of the first works of a
somatic MF-controlled soft robot system, we believe that the
proposed framework will inspire more practical applications
of other soft robots by making them teleoperable without
excessive upgrades. Future work might be done to control the
manipulator’s stiffness for heavy object manipulation.
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