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Abstract—In this paper, a data-driven modeling and control
framework is developed for task space control of a soft robot
gripper which consists of four individual soft fingers. Each of
the four fingers is modeled as a manipulator with high degrees
of freedom. The corresponding task space dynamics of the
manipulator are derived using a rigid-link approximation of
the continuum manipulator. A neural network approach is used
to learn the derived dynamics in State Dependent Coefficient
(SDC) form. Using the learned SDC matrices, an asymptotically
stable optimal closed-loop tracking controller which is based
on solving the State Dependent Riccati Equation (SDRE) is
derived. The model learning and trajectory tracking controller
is implemented on an open source Soft Motion (SoMo) platform
simulating the soft gripper motion and corresponding tracking
results are presented.

I. INTRODUCTION

Soft robots have made substantial progress in past decade
[1], [2]. The ability of soft robots to conform to various
different shapes make them suitable for grasping and manipu-
lation of novel objects. They possess inherent compliance and
adaptability, which makes them safer during their interaction
with the environment for manipulation tasks and for safe
human-robot collaboration. Soft robots have enabled novel
ways of grasping and manipulation of objects in manufac-
turing applications. Although soft robots have transformed
the robot grasping and manipulation, there are still many
challenges, specially in improving the precision and speed
of their operations.

To improve the grasping precision, model-based regulation
and tracking controllers are developed in [3]-[5]. Mathe-
matical modeling of soft robots has been widely studied
for control development and shape estimation. Starting from
general kinematic models developed in [6], [7], detailed dy-
namic models have been developed in [8]-[]1]. Developing
mathematical models of soft robots from first principles is
a complex process. These models are generally high dimen-
sional and complex for which model reduction techniques
are used before designing a controller [12]. A model free
controller is developed in [13] for soft robot locomotion.
A neural network controller for fully actuated model of the
soft robot is developed in [14]. Data-driven modeling using
deep neural networks is used in [15] for learning nonlinear
dynamic models to design a model predictive controller.

This work was supported by a Space Technology Research Institutes
grant (number 80NSSC19K1076) from NASA Space Technology Research
Grants Program. Rounak Bhattacharya, Ghananeel Rotithor and Ashwin P.
Dani are with the Department of Electrical and Computer Engineering at
University of Connecticut, Storrs, CT 06269. Email: {rounak.bhattacharya;
ghananeel.rotithor;ashwin.dani } @uconn.edu.

Newer advancements in Koopman-based data-driven model-
ing and model reduction techniques are used in [16], [17]
to incorporate external loading for improving the tracking
accuracy and speed.

Experimental platforms such as OctArm are developed for
implementation and testing of soft robot controllers [18].
Newer simulation platforms [19], [20] enable easier testing
and implementation of soft robot controllers. Traditionally,
a wide variety of physics-based simulation tools have been
used in robotics such as Gazebo, PyBullet, Webots and
MulJoCo. It is very hard to model soft robots using these
general-purpose tools. Recent software platforms such as Soft
Motion (SoMo) [20] provide a physics-based simulator for
testing and validation of data-driven modeling, control design
and planning methods. SoMo has recently been used in [21]
to show dexterous in-hand manipulation.

Fy

Figure 1. Snapshot of the soft gripper in SoMo simulation where Fj, is the
fixed frame and the end-tip (star marker) is controlled.

The main contribution of this paper is to develop an
optimal nonlinear controller using state dependent Riccati
equation (SDRE) method which uses a state dependent
coefficient (SDC) form model learned from data following
the data-driven control design strategy. The SDC parameters
of the SDRE control are generally obtained using heuristic
rules, see, e.g., [22], [23]. In this paper, SDC parameters
of the soft robot dynamics are learned from data obtained
using deep neural networks. The soft manipulator is modeled
as a discrete approximation of the continuum robot which
is represented using an under-actuated Euler-Lagrange (E-
L) model. The E-L approximation models developed for the
soft robots use full actuation, see, e.g., [3], [4], [14], i.e.,
the number of joints in discrete approximation and number
of actuators are the same. However, in practice many soft



robots are underactuated. The underactuation adds another
level complexity to the controller development which can
be easily incorporated in the SDRE control design. The
controller objective is to track desired end-tip trajectories of
the soft manipulator. The controller is implemented in SoMo
simulator to simulate a pinching grasp motion using multiple
soft manipulators controlled individually.

II. DYNAMIC MODELING AND NEURAL NETWORK
LEARNING

A. Coordinate Frame and Forward Kinematics

Consider a soft robot gripper as shown in Figure 1. Each
of the fingers is modeled as a rigid link approximation of a
continuum manipulator with discrete set of joints. Addition-
ally, the end-point of each of the fingers is represented by its
X(t), Y(t) and Z(t) position coordinates with respect to the
fixed inertial frame F;, attached to the base of the continuum
manipulator. In the following sections, the dynamic model of
the rigid-link approximation of the continuum manipulator is
developed.

Consider the end-point of the soft robot finger whose 2-
dimensional (2D) position in a fixed inertial reference frame
Fy is given by

wt)y=[ Xt) v@)]" ex (1)

where X C R? is a bounded set. The vector z(t) denotes the
task space coordinate of each finger.

The finger end-point 2D position z(¢) and the joint angles
q(t) € Q of the robot are related by = = f(q), where f :
Q — X represents the forward kinematics such that Q@ C R*'°
and ¢(t) are the joint angles of the finger implying that each

finger of the soft-manipulator consists of 10 joint angles.

B. Task Space Dynamics

To derive the task space dynamics, consider the relation-
ships between the joint angular velocities ¢ and the end-point
velocity &

&= J(q)q 2)

where J(q) = % € R?*10 denotes the manipulator
Jacobian matrix. Taking the time derivative of (2) yields

&= J(g)q+ J(q)i 3)
where ¢(t), G(t) € R are the joint angular velocities and
accelerations, respectively. The joint space dynamic model
of the discrete approximation of continuum manipulator with
n-number of joints and m control inputs in the E-L form is
given by

M(q)§ + C(q,4)g + G(q) = Bu “4)

where M(q) € R©*10 represents the inertia matrix,
C(q,q) € RY*10 represents centripetal and Coriolis forces,
B € R19%2 s an actuation matrix, G(q) € R represents
the effect of gravity and u € R? represents the control input
vector.

Remark 1. The actuation matrix B has full column rank,
ie, rank(B) = 2.

Task space dynamics of the continuum manipulator can
now be derived using the joint space dynamics in (4). Using
(2), the following relation is obtained for the joint velocity

g=J" i (3)

where J* = JT(JJT)=! € R19%2 denotes the Jacobian
matrix pseudo-inverse. Using the relation in (3), the following
relation can be obtained for the joint space acceleration

G=J (& - JJtE). (6)

Substituting (5) and (6) in the Euler-Lagrange model in (4),
the dynamic model of the manipulator in task space can be
written as

MJtE— (MJtJJt —CINE +G=Bu. (1)

After some algebraic manipulations, the task space acceler-
ation Z(t) can be obtained as

i=(JJt —JMCJ )i — M~ G+ JM~'Bu. (8)
Let x € R* be a state vector defined by

x(t)=[ 27(t) &"(t) | ©)

Using (8) the nonlinear state-space form is given by
T | T
| | (JIT+IMICINE+JIM G
0252

+[ JM_lB}u. (10)

The task space dynamics in (10) can be written in a compact
nonlinear form as

x=f(x)+Gx)u (11)

where
()= | ’ (12)
| (JIT+IMTICINE + MG |
and
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G (x) = { JM'B } - [ Gs (x)

The nonlinear dynamics in (11) can be represented in a SDC
form as follows

x=fx)+Gx)u=AX)x+G(x)u (14)

where the state dependent matrix A(x) € R**% has the form

A= | W ]

In (15), the sub-matrices Ag;(x) and Ago(x) are state
dependent and represent the dependence of the task space
acceleration #(t) on the task space position and velocity
x(t). The SDC parametrization A (x) is non-unique which
provides a flexibility in designing the SDRE control. In this
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paper, the SDC matrix A (x) is identified using data collected
from the SoMo simulator which simulates the soft robot
gripper. It is important to note that the the collected position
trajectories x(t) are translated to ensure that £(0) = 0. This is
equivalent to learning the task-space dynamics in a translated
coordinate frame. The SDC parameter model identification
process is described next.

C. Learning SDC Model from Data

The SDC model is learned by collecting data using the
simulation platform. To identify the model of the soft finger,
position and velocity data of the end-tip is collected. The
collected data is used to learn the SDC matrices A(x)
and G(x). In the case of the soft robot model, the exact
analytical form of A(x) and G(x) is difficult to compute.
Hence, a learning-based approach is used. The unknown
components of A(x) and G(x) are learned using neural
networks. Consider the following neural network for learning
the components of A matrix

vec ([ A21 (X) A.22 (X) }) = IV'I\]-Q1 (X) s

where NNy, : R* — R® is a neural network function
parameterized by 67 and vec(-) denotes the vectorization
operation which converts matrix by stacking its columns.
Similarly, consider the second neural network to learn the
unknown components of the G (x) matrix

vee (Ga (x)) = NNy, (x)

(16)

A7)

where NNy, (x) : R* — R* is a neural network function
parameterized by 6. To train the neural network func-
tions in (16) and (17), sampled trajectories of the tuple
{xi(t),x’ (t),ul(t)}on:fV are collected where the super-
script 7 denotes the i*? training trajectory collected at every
sampling instance. Similar notations apply for the accelera-
tion x and the control signal u. The training data is then used

to minimize the following objective function

0* = argmin ﬁ ; ; 1% (8) — A (x'(8)) X (t)

—G (x'(1) i) (18)

where 6 = {61,062} are the combined parameters of both the
neural networks. It should be noted that the matrices A (x)
and G (x) depend on the parameters 6 through the neural
network. Although the loss function in (18) is written over
the whole training data, the optimization of the parameters
0 is achieved with a batch of the data using stochastic
optimization.

III. SDC TRACKING CONTROL

The objective of the tracking controller is to track the
desired soft finger end-point trajectory given by x4(t) =
[ Xu(t) Ya(t) Xat) Yat)]". To derive a tracking
control law, let us define the tracking error as

e(t) = xa(t) — x(1). (19)

The control objective can be written as

lle(t)]| = 0 as t = o0 (20)

Given the system in SDC parametrized form (14), consider
the objective function to derive a SDC tracking control law
which minimizes the infinite-horizon performance index

e u) = % A T (T 0)Q)e(t) + T (R()ult) dt
1)

where Q(x) € R¥*4, R(x) € R?*2, Q(x) > 0, R(x) > 0,
V x leads to the suboptimal tracking control law given by

u=K(x)x + K,(x)x4 (22)

with the control gains K(x), K(x) € R?** defined as
K(x) = R (x)G" (x)P(x),
K,(x) = R (x)GT(x)A;" (x)Q(x)

cl

(23)

which makes the closed-loop system locally asymptotically
stable where A, = A(x) — G(x)R 71 (x)GT(x)P(x) de-
notes the closed-loop transition matrix [24]. The matrix P (x)
is a unique, symmetric, and positive-definite solution of the
SDRE

P(x)A(x) + AT (x)P(x) + Q(x)
~P(x)Gx)R ()G (x)P(x) =0 (24)

Since the SDC matrix A(x) is non-unique, it provides
flexibility in design of the SDRE control. That is because
it functions as a gain in addition to the weighting matrices
Q(x), R(x) and enables the adjustment of the performance,
stability, and optimal performance of the closed loop system

[25].

Remark 2. The control law in (22) requires the matrix
A (x) to be full-rank for the computation of the gain
K (x). In addition, all the eigenvalues of the matrix A . (x)
must have negative real parts in order to obtain asymptotic
stability.

Remark 3. For the asymptotic stability of the closed-loop
system, the solution P(x) of the Riccati equation in (24)
must be unique, symmetric and positive definite. For this to
hold it is required that the pair (A(x),G(x)) is pointwise
stabilizable and the pair (A(x), Q'/%(x)) is pointwise de-
tectable on an open bounded set as stated in [20].

IV. SIMULATION RESULTS
A. Simulation Platform

For testing the performance of the developed SDRE con-
troller, SoMo framework, is used. SoMo is a software that
can be used to control a continuum manipulator in a physics
simulator. The software is a soft gripper simulation consisting
of 4 fingers. Objects can be manipulated using the soft grip-
per. The simulator is fast, open-source, and simple to use for
simulation studies. Hence, SoMo provides an accessible way



to test control algorithms for soft robots. In SoMo each of the
four fingers are modeled as 10-link continuum manipulators.
The dynamic model of a 10-link continuum manipulator is
given by the standard E-L equation as described in Section
II. Each manipulator takes only two input torques which is
represented using the control input € R2. Thus, the control
effectiveness matrix B in (4) is B € R'°%2, A snapshot of
SoMo simulation is shown in Fig. 1. SoMo automatically
builds rigid-link approximations of continuum manipulators
using a standard format (universal robot description file, or
URDF), and imports them into the PyBullet physics engine.

For this paper, the four fingers of the gripper were used to
test the SDRE controller performance. Since the continuum
model of the manipulator and high degree of freedom model
of the manipulator is complex for deriving a SDC form, the
SDC-form model of the manipulator is learned by collecting
data from the SoMo snnulator For 1dent1f%/1ng the model
in task space, the tuple {x‘(t),u’(k) t—0.i—1 implying
four different input and state trajectories of length 10 s are
collected at a sampling rate of At = 0.001s. For training the
NN model in Section II-B, the corresponding accelerations
#%(t) are required to compute x‘(¢). The accelerations are
computed using a Kalman Filter (KF). The equations of the
implemented KF has been shown in the appendix. The task
space data is collected for one finger by applying series of
hand designed control inputs. The following control inputs
w1 (t), ua(t), us(t) and uy(t) were provided as input torques
to the manipulators:

uy (t) = [25s(wt), 25s(wt)]”

(
us(t) = [255(0.57t) + 2, 255(0.57t) + 2]
us(t) = [10s(2mt) + 15s(wt), 10s(27t) 4 15s(mt)]”
ug(t) = [6s(3mt) + Ts(2nt) + 8s(wt),

6s(3mt) + Ts(27t) + 8s(wt)]” (25)

where s(-) denotes the sin(-) function.

B. Details of Model Learning

For each of the control inputs wu(¢), ua(t), us(t) and
u4(t) data is collected over an interval of 10000 time steps
each of which has a duration of At. The collected data
is segregated into two datasets viz. training dataset and
validation dataset. The 30000 instances of data corresponding
to uy(t), ua(t) and wg(t) collectively formed the training
data. The neural networks in Section II-B are trained using
the training dataset. The validation data is composed of
10000 instances of data that were collected when the control
input u4(¢) is applied as the input torque to the manipulator.
A (x) and G (x) in (14) are represented as NNy, and
NNpy,, respectively as shown in (16) and (17). The first
neural network NNy, was composed of three fully connected
layers with hidden layer dimensions of 32. The second neural
network INNy,, consisted of three fully connected layers
with hidden layer dimension of 32. In both the networks,
each layer except the last layer is followed by the rectified

linear unit activation function. The networks were trained
and validated using the PyTorch library on a computer with
32 GB RAM, Intel i7 processor and a NVIDIA RTX 2080
GPU. For training phase, the ADAM optimizer was used
with a learning rate of 10~° for 70 epochs. The training
loss reduction for the specified training parameters and the
training dataset is shown in Figure 2. The predicted acceler-
ations vs. the true accelerations are shown in Figure 3 where
the neural network acceleration predictions are denoted by

i =] X0 v ]
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Figure 2. Training loss shown as a function of the number of epochs.
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Figure 3. The acceleration predicted by the trained neural network model
(dashed) vs. the true acceleration (solid) using the validation dataset.
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C. Trajectory Tracking Results
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Figure 4. Snapshots of trajectory tracking result from the SoMo simulator
for the cube grasping task.



Once the SDC model in Section II-B has been learned
using the neural networks A(x) and G(x) can be obtained
at every time step by querying the state as an input to the
two neural networks. Using computed A (x) and G(x), the
closed-loop tracking controller developed in Section II is
implemented. The desired trajectory chosen for the tracking
controller is derived from the practical use case of the soft
gripper opening and closing for grasping. In this trajectory,
two opposite fingers move close to the object (green) in
Figure 1 to grasp the object and the move away from the
object thereby releasing the grasp. The state of each of
the fingers is measured and the controller is computed for
each finger separately using the developed control law (22).
Although the controller is computed separately based on the
state of each finger, only two neural networks are trained to
model the SDC parameters as all the fingers follow the same
dynamics. To solve the SDRE in (24), Q = diag(2,2,2,2)
and R = diag (0.1, 0.1) are chosen as the parameters, where
diag () refers to the diagonalization operation. The results
of the trajectory tracking simulation are shown in Figures
5-7. The desired finger end-point position trajectories (solid)
in comparison to the actual position trajectories (dashed) is
shown in Figure 5. The snapshots in Figure 4 show that the
grasping motion of the fingers between 1.5 — 2s. The fingers
track a sinusoidal motion to open and close the gripper in
X and Y direction. The position remains constant in the ¥
direction when the finger touches the green cube as shown
in Figure 5 between 2 — 3s. Similarly, the desired finger end-
point velocity trajectories (solid) in comparison to the actual
velocity trajectories (dashed) is shown in Figure 6. Each
of the two control input torques generated by the feedback
controller are shown in Fig. 7.
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Figure 5. The desired finger end-point position trajectories (solid) and actual
end-point position trajectories (dashed).

D. Discussion of Results

The trajectory tracking results obtained in Section V-
C rely on the accuracy of predictions of A(x) and G(x)
generated by the data-driven NNs model. Deriving accurate
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o 0.5 1 15 2 25 3 3.5 4
Time (sec)

Figure 6. The desired finger end-point velocity trajectories (solid) and actual
end-point velocity trajectories (dashed).

Time (sec)

Figure 7. The control input torques generated by the SDRE controller.

first principles physics-based model of the soft robot is a chal-
lenging task and there are always unmodeled effects present
in the learned dynamics which makes the trajectory tracking
task challenging. The SDRE controller is tuned to account for
such modeling uncertainties and measurement uncertainties
using Q and R parameters. Although no explicit controlla-
bility and observability constraints are imposed during the
NN training, the controllability of the pair (A (x), G(x)) and
the observability of the pair (A(x), Q'/2(x)) is checked at
every iteration to ensure that the SDRE in (24) has a unique
symmetric positive definite solution. The existence a solution
to SDRE also ensures that the closed-loop transition matrix
A (x) is pointwise Hurwitz stable. During the simulations
it is found that for sufficiently exciting torque inputs during
SDC model identification process, the controllability, observ-
ability and closed-loop stability conditions are satisfied for
each time instant. To implement the control law a constant
velocity KF is used with the position measurements obtained
from the simulator to generate the state estimate. This ensures
stable tracking performance in the presence of process noise
and measurement noise.



V. CONCLUSION

A data-driven modeling and SDRE control approach is
developed for the task space tracking control of a soft robot
gripper. The dynamical model of each finger on the soft
gripper is learned using two neural networks in the SDC
form. The learned SDC model is used for closed-loop track-
ing control which is computed by solving the SDRE at each
time step. The proposed framework demonstrates promising
results for task space trajectory tracking when implemented
on the open source SoMo soft gripper simulation platform.
Future research will involve addition of observability and
controllability constraints in the SDC learning and choosing
state dependent Q and R parameters for SDRE control to
further improve the modeling and tracking precision.
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APPENDIX

The Kalman Filter (KF) used to obtain the state estimates
for the implementation is described in brief.
A. Dynamic Model

The continuous-time dynamical system for x(t) is given
by x(t) = Ax(t) + Do(t) where

022 I 0251
|: 02><2 02><2 :| 9 |: 12 :| ) [ 2 2%X2 ] ’

and 1, = [ 1 1 ]T and ©(t) is a zero mean continuous
white noise and H is the measurement matrix. The model is
discretized and following KF equations are implemented.

1) Predict:

Xpk—1 = FXp_1jp—1
Skk—1 = FSi_1p1 FT + 3,
2) Update:

T T -1
Ky, = Spjp—1H' (HS H' +%,)
Xije = Xpjp—1 + Ki (zp — HRppp1)
Skir = (I - KpH) Sy -1
where F = e4(81), Sk is the covariance associated with
the state estimate Xy, 2, is the measurement covariance
and X, is the process noise covariance.
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