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Learning-Based Tracking Control of Soft Robots
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Abstract—This letter proposes an adaptive radial basis function Precise motion control of soft robots is an essential and
neural network (RBF NN) based scheme for the dynamics learning difbcult problem. The main technical challenge lies in the soft
and tracking control problems of a soft trunk robot. Speci cally. a — 1)4135 complex physical model due to its deformable structure,
low-order approximate model describing the soft robot’s dynamics . . .
is rst derived with the nite element method and proper orthog- complex geometry and mDmte dggrees of.freecIB}r?To tt"s
onal decomposition technique. Based on this model, an adaptive €nd,[20] used the Geometric Variable Strain techniqueNa ge-
learning control scheme is developed with RBF NN, which can not ometrically exact approach based on the Cosserat rod theoryN
only provide stable and accurate tracking control for the softrobot, tg model the dynamics of the soft robg21] presented the
but also achieve accurate learning of the robot’'s dynamics during deformation space formulation of the soft robots® dynamics

the online control process. The proposed controller can effectively . . .
handle the soft robot's complex nonlinear uncertain dynamics and PY USing the Finite Element Deformation Method3] used

external disturbances, it thus can guarantee desirable tracking ac- the piecewise constant curvature approximation technique for
curacy and control adaptability. The learned knowledge of robot's  kinematics modeling of soft robots. 4], Euler-BernoulliBeam
dynamics Ca_n be obtained and stored in a constant RBF NN model. theory has been used to model the bending of robots. These
Baseg ton this, da ':j%"'?:'ai:)r;gv‘c’fri?;'bgrsfgdn;:g:tﬂgr t'ﬁg”ré?[erogroot' schemes require strict assumptions on the shape, structure, and
\[/)Vci)ti%utﬁgég;lrllgeto re%';at any onIineppararmete(r: adarptatiosns, vrvhich constitutive materials of the studied robots, limiting their appli-
signi cantly improves the overall system’s operational ef ciency Cability to more general and complex soft robots. Some research
with reduced computational complexity and easier control imple- works in [22], [23] studied the control problem by physically
mentation. Effectiveness and advantages of the proposed methodsmodeling the soft robots without requiring strict assumptions.
are validated through physical experiments. These methods may not be able to deal with the uncertainty or

Index Terms—Soft robotics, tracking control, dynamics lear- disturbances of the soft robots when operating in complex and

ning, adaptive learning control, neural networks. variable environments.
To tackle the challenges in deriving an accurate kine-
I. INTRODUCTION matic/dynamic model for soft robots, research attempts have

. been dedicated to learning control design for soft roljsts
SOFT robots are anovel type of robots made of soft materialgyese methods only use measurement data of soft robots, with-
such as silicone and robber. Compared tq traditional nggﬂn needinga priori knowledge of robots® underlying struc-

robots, _SOft robot's have developed many Qe'sllrable mechan . They can develop arbitrarily complex kinematic/dynamic
properties, e.g., inherent compliance, Rexibility and hyper rsoqels of soft robots, which are especially suitable for those
dundance, which facilitates safe human-robot interaction apg}, s that are highly nonlinear, nonuniform, and/or act within
operation in a restrained environméil]. This has motivated a | ngtr,ctured environmeiiz]. Usually, learning control design
rapidly-increasing demand of soft robots for industrial, surgicg} developed using neural network (NN) techniques with re-

and assistive applicatior]. markable approximation and learning capabilities. For exam-
ple,[24] utilized feedforward NN to learn a differentiable model
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to the optimal values, thus they may not be able to achieve  signibcantly improving the overall systemOs operational
satisfactory sample efbciency and desired control performance.  efpbciency;

In real applications, soft robots usually encounter externaliii) We perform physical experiments on a soft trunk robot to
disturbances, such as payload and external interaf@jopos- validate the effectiveness and advantages of our proposed
sibly leading to major changes in robotsO kinematics/dynamics.  control methods.

To achieve a desirable control performance in these cases, ort should be stressed that the present work is developed by
line learning control approach is needed to adapt/react to sutiending our previous work ifil4], which focused on the
changes by adjusting associated control variables online, s&mamics modeling problem of soft robots. Different fr{id],
e.g.,[10], [11]. However, the research of online learning controkhich presented an of3ine learning scheme, the current letter
of soft robots is still in its primitive stage with limited succesgroposes an online learning scheme, which guarantees that the
so far. To the authorOs best knowledge, there are only a felwotOs dynamics is learned/modeled during the online control
research results have been developefbjn[12], [13], which process, and the learned knowledge can be used in real time to
provided enhanced control accuracy and adaptability for safiprove the control performance. Comparedié], the online
robots in complex environments. However, these methods halygamics learning mechanism in the current letter enables the
not well explored the real learning capability of the associatedntroller to develop improved tracking accuracy and control
controllers. More specibc, these methods cannot obtain #aptability, which is more suitable for soft robots operating in
learned knowledge through the control process for reutilizatiomarsh control environments.

which thus have to repeat online updating control parametersThe remainder of this letter is organized as follows. Sedtion
even for a same/similar control task, resulting in high conprovides some preliminaries. Sectith includes the problem
putation burden and time consumption in associated contsthtement. The proposed adaptive NN-based learning control
implementations. scheme and the knowledge-based control scheme are presented

In this letter, we will propose an adaptive NN learningin SectionlV. The experiments are conducted in SectbThe
based tracking control scheme for a soft trunk robot, aimirgpnclusions are given in Sectidf.
to drive the robotOs end-effector to track a prescribed reference
trajectory with a desirable tracking accuracy. Specibcally, for II. PRELIMINARY
the soft robot, a low-order approximate model to describe the . . .
robotOs dynamics will be Drz'?derived with the Finite Elem ntA rad""?' BasISIUncion ne,l\IJnraI network (RBF NIJS] can
Method (FEM) and Proper Orthogonal Decomposition (PO%’e descnbend .b)f nn ().() = i=m W Si.(x) - W. S(x), where
techniques. Based on this analytical model, an adaptive learn ega X R" is the input vehcl;:or. W':‘h X l:?elrr:g a compr?u;]t
control scheme will be proposed with the Radial Basis Fung- W= [.Wl’ - W, ] R™r 1s the weight vector, wit
tion Neural Network (RBF NN) technique, which is able i) to™" denoting thg NN nod.e rr\wumbeNr, arﬁl(x) - [Sl(.x S
provide accurate and stable tracking control for the soft robot®g’ - - - 'S_N"( X_S No ) Fi . R, with s, () k_)emg_ a
end-effector; and ii) to achieve accurate learning for the robot® ial bg3|s _functlon, and R ('. =1,2,...,Nn) k_)elng d.'s'
uncertain dynamics during online control process. With theggct pom'gs In state space. In th|s.paper, the r-adlgl basis func-
features, the proposed learning controller can handle the stb(?p g‘('é) IS chgo.sen as the Gaussian functisnt X S i ) =
robot®s complex uncertain dynamics and external disturban@é@[%], where ; is the center of the receptive peld
thus guaranteeing desirable tracking accuracy and control ada@md ; is the width of the receptive Peld. As shown[itb],
ability. Moreover, this learning controller guarantees that ttfer any continuous functiofi (x) : x R, and for the NN
knowledge of the robotOs dynamics can be learned in real tapgroximator with the node numbir, being sufbciently large,
during online control process, and the learned knowledge cdere exists anideal constantweightvettor RN», suchthat
be further stored and represented by a constant RBF NN modef.any > 0,f (x)= W S(x)+ , X x,» Whereg| | <
Based on this, a new knowledge-based controller will be furthisrthe ideal approximation error. The ideal weight vedtér
proposed to provide a desired control action using the learnsdan OartibcialO quantity required for analysis, and is debned
knowledge, which does not need to repeat online the updat the value oW that minimizes| | for all x ., i.e.,
of control parameters, thereby improving the overall system\@s := argmin,, v, {sup, ,|f (X) SW S(x)[}.
operational efbciency with reduced computational complexity
and easier controlimplementation. Effectiveness and advantages I1l. PROBLEM STATEMENT
ELSZErﬁéon?ssed methods will be validated through physmgl. The Soft Trunk Robot

The major contributions of this work are summarized below. The studied soft trunk robot is shown in Fifj. which is

i) We propose an adaptive RBF NN-based learning contrsimilar to the one in our previous woiflk4]. It is pneumatic
scheme for soft robots, which can provide desired tracketuated and composed of three identical segments made by high
ing control performance by online learning the robot@asticity silicone rubber. Each segment has maximum length of
complex nonlinear uncertain dynamics; 108 mm and maximum width of 32 mm. They can extend and

i) We propose a novel knowledge-based controller for sashrink vertically by pressurizing/depressurizing the air inside the

robots, which can achieve high tracking control perfoisegment, and the maximum deformation displacement is about
mance with the learned knowledge of robotOs dynami6®,mm. With the cooperative deformation of these segments, the
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Fig. 1.

Soft trunk robot and the experimental platform.

robotOs end-effector can move in the 3D space. The objectivg,ff, some projectorsv;
this letter is to design a controller to drive the robotOs end-effeqign x r Ur
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Fig.lis similar to the one in our previous work|df], the model
order reduction process can be achieved by following a similar
procedure as presented[it¥] and is omitted here. The model
reduction results are given in the following for completeness.
Specibcally, for the syster?), according to 14, Sec. II-A],
with the POD method, the state R®" can be decomposed

into two parts: a low-order statg  R" (withr  6n) and a
negligible statexr  R®"S", such that
X . X
Xx= V, Vv " with " = U U x @)
Xr Xr
R6n*r V- RGnX(Gnér) U,

REN*6nS1) - satisfying [Ur, Ur] [Ve, V] = 1.

to track a given reference trajectory with a desirable trackingyseqd or(3), the mode(2) can be reformulated as:

accuracy.
Remark 1:We emphasize that the soft trunk robot of Fig.

is used to provide a simple case study to validate the feasibility, Xr = U- G(X, Xr, u),

Xy = U, G(X, Xr, u),

with y= CV;x; + CVrxr. (4)

effectiveness and applicability of our approach. Our approach is

not necessarily limited to the robot of Fiy.and it can be easily
extended and applied to generic soft robots.

B. Model Description
We Prst derive an analytical model for the robot in Fig.

By neglecting the stater, we havex V; X, and the model
(4) can be approximated by a reduced-order model:

Xr
y

U, G(Xr,u) = Gy (X, u),

5
CVi Xy = Cr X, ©®)

to describe its complex geometry and continuously deformimg;cording to [L4, Sec. IV-D1], the state, in (5)is of dimension
structure. With the FEM technique, we discretize the robotOs 6 for the robot object of this studly.

structure into a mesh of Pnite elements, so as to establish a PnitRemark 2: The FEM technique of Sectidi-B and the POD

element model as seen in Fify.Denotingn as the number of
the mesh nodes, we can defene R3" as the 3D-displacement
of each mesh node, and R®" as the velocity vector. By

technique of Sectiofll-C are used to theoretically deduce the
dynamics of the soft robot as the analytical mod€byf This can
facilitate the subsequent design of our learning control scheme.

NewtonOs second law, the robotOs motion can be described by

the following nonlinear dynamical model:

M (a)v = P(q) SF(a,v)+ H(d u, @)

where M (g) : R®"  R3"*3" js the mass matrixF (q,V) :
R3" x R3"  R3M are the internal forces applied to the robot
structure;P(q) : R3"  R3" are the external forcess (q) :
R3n

R3"*M contains the directions of the forces from the
actuators andi  R™ is the amplitude of the forces from thewherey RS, x;

D. Model Linearization

Since we focus on the tracking control of the displacement
of the end-effector of the robot, i.e., system outpun (5), we

6gwrite modek5) into the following form:

y=CiX,

CiGr(y+ X SCrx,u) = Gy (Y, Xr, u), (6)

R6, andu RS. Then, consider a stable

actuators. For the robot in Fid, the actuator has dimensionequilibrium point of robotOs operation, i(g.,u) = (0 , 0) when

m=3.
Denotingx =[q ,v ] R®", the model(1) can be refor-
mulated in a general form as:

\Y
M (9)3(P(q) S F(q,v)+ H(q) u)
y = CXx,

= G(x,u),

(2)
wherey R3isthe 3D-displacement ofthe robotOs end-effect
andC R®*%" s the output matrix for picking out the end
effector from all mesh nodes.

C. Model Order Reduction

Note that mode(2) is underactuated, which is not suitable fo
the synthesis of subsequent control design. Thus, model or

the robotOs end-effector points vertically down without external
actuation. Through the linearization process around this equi-
librium point, model(6) can be derived as:

)

where A = %lyzo R3*3, B = %luzo and
f(x;): R® R3is the linearization error. The matricés B
can be obtained by performing a linear regression process on

y = Ay + Bu + f(x,),

R3>< 3

e robot around the equilibrium poifyt, u) = (0, 0), while the

functionf (x,) is the system model uncertainty mainly related
to the system state , which cannot be precisely known due to
the difbculty of modeling soft robotOs dynamics.

Remark 3:To facilitate the subsequent control design, we
assume the input matrB  R®*2 in (7) to have full rank. This
dan be satisbed for the soft trunk robot in Figby properly

reduction will be performed on this model. Since the robot iplacing the position of the actuator/controller.
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(0,0). Considering the reference mod@), we can design a
linear controller as:

Ug = éK(ySyd)"' KurdéKyy; 9)

whereyg, rq, Ky andKy are given in(8), andk  R**3is a
design parameter. With this controller, frqifyE\8), the closed-
loop error dynamic system (with= y S yy4) can be derived as:

e:(AdéBK)e"'f(Xr)- (10)

Fig.2. Blockdiagram of the adaptive RBF NN-based learning control scheme,

involving two operation modes: the adaptive learning control mode (mode 4).: . : : : :
and the knowledge-based control mode (mode 2). The control scheme is j?@{s |mpI|es that when the nonlinear uncertauht(y(r) of (7)

operating in the adaptive learning control mode; and then switching to tHe bounded and small, by selecting a control paramitesf

knowledge-based control mode after the learning control process is complef®y to satisfy eifAq S BK ) < 0, the closed-loop systeli0)
and the learned knowledge is obtaingds the displacement of robotOs end- : &

effector;yq is the reference trajectory for, e = y S yq is the tracking error; can be sta_\ble and th‘_a traCkmg erer YS yd can be small.
rq is the reference command (8); ym is the output measurement (i.e., theHowever, in real applications, the nonlinear uncertaingy; )

displacement and velocity variables of the robotOs end-effesgdg the linear of (7) could be large, especially when i) the robot encounters
control signalin(9); andu is the total control signal if.7) or (21). external disturbances, e.g., payload and external interaction,
resulting in amajor change in the system md@glii) the robotOs
E. Control Objectives end-effector operates in a region away from the equilibrium
For the soft robot in(7), we design a reference model tgPomnt (y,u) =(0,0); andfor iii) the robot has a complicated

generate the desired reference trajectory as follows: underlying structure, complex geometry and nonuniform shape,
resulting in a highly nonlinear dynamic model. In these cases,

Ya = AgYq + Barg, (8) since the controllef9) is not designed to handle the uncertainty
wherery R? is the reference command that can be freef)é(x’)’ it could not guarantee a desired tracking control perfor-
ance.

designedyy RS2 is the generated reference signal, @nd
R332 By R®*3 are design parameters. This reference model , , _

ensures: i) the signalq is recurrent, i.e., periodic or almost-B- Adaptive NN Learning Based Control Design

periodic; and ii) the parametefs;, By satisfyAq = A S BK y, To handle the nonlinear uncertairftyx, ) of (7), we propose

By = BK , forsome matricek, R¥3,K, R3>*3 withA, toincorporate an adaptive RBF NN-based learning mechanism
B given in(7). These conditions are easily satisPed when theto the linear controlle(9), so as to generate the adaptive RBF
matrix B has full rank, which can be guaranteed by our soRiN-based learning controller as shown in Fy.To this end,

robot according to Remark from Remark3, we rewrite the modg(7) as:
In ﬂJiS letter, our objective is to drive the displacement of the &1
robotOs end-effectgrin (7) to accurately track the reference y=Ay+B u+B BB f(x) . (11)

trajectoryyy in (8). For a desired tracking control performance, §

we need to handle the negative effect of the system uncertaifgr the uncertain functio® (BB )>'f (x,), according to

f (x;) on the tracking control process. Thus, we will proposgectionll, there exists an ideal constant NN weigivt

an adaptive RBF NN learning-based control scheme aimif}'" 2 (with N, denoting the number of NN nodes) such that
to: i) provide stable and accurate control for the end-effector &1

y to track the reference trajectoyy; and ii) achieve accurate B BB fF(x)=W Sx)+ , (12)

!earnlngllt_jentlbcatmn for the uncertain dynamic(sxr)_of (7) whereS(x;,) RN» is an RBF vector, and R3 is an ideal
in the online control process. Then, once the learning contr, proximation error.

process is completed, we will obtain the learned knowledge t Based or{12), the NN learning process will require the signal

develop a new knowledge-based controller, aiming to provide 4, e measurable as NN input. This is difbcult in practice,
an efbcient and accurate tracking control for the soft réBpt o556 the robot®s whole states well as the reduced-order
without needing to repeat any online parameter adaptatlons.statexr = U, x might not be measurable. In view of this, we
will take a simple variable-transformation as follows. We set a
sufbcient number of sensors on the robot in Rigo obtain a
This section will present the design of the proposed adaptigeasurementof, R" (withr  6). Then, from(3), we have
learning control scheme for the soft robot in Fig.A block
diagram illustrating our control scheme is given in Fig.

IV. ADAPTIVE NN-BASED LEARNING CONTROL DESIGN

Ym = Cyx CyViX; = CXy, (13)

whereC, R™® C, R™ are the output matrices for

picking out the measurement, respectively from the robotOs
We Prst consider the case that the mo@®l has a small statex andx,. By appropriately arranging the sensors such

linearization errof (x,) around the equilibrium poirlty,u) = that the matrixCy, is of full rank, from (13), we have:x, =

A. Linear Control Design
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(11) can be formulated as:  obtain the learned knowledge to design a new knowledge-based
controller as follows.

$1 $1
y=Ay+B u+B BB f CnCm  Ch¥m According to the analysis if10], [11], [16], the adap-
&1 tive learning controller (17)5(18) can achieve an accu-
=Ay+B u+B BB f(ym) , (14) rate learning/identipcation for the nonlinear uncertainty

B (BB )51f (Ym) of (14) during the control process. That
is, the adaptive NN modeélV S(yn) can provide a locally-
B BB O lf (Ym)= W S(ym)+ . (15) accurate approximation fd8 (BB ).Slf (Ym), and the NN
weightW can converge to a small neighborhood of the optimal
Based on this, we can implement the NN learning Qfajuew through the control process. Based on this, the learned
B (BB )°'f (ym) by using the robotOs measuremgntin-  knowledge oB (BB )Sf (ym) can be obtained and stored in

and the NN approximation ¢fL2) can be rewritten as

stead of the robotOs state a constant RBF NN mod&V S(ym), i.e.,
Remark 4:For (13), to guaranteeC,, to have full column 81 _
rank, we require the measurement to satisfy dinfy,) B (BB )>*f(ym) W S(ym), (20)

dim(x;). In yiew of this, congiderin'g the soft 'robot in Fill, \wherew isthe convergent value of NN weig¥t in (17), which
whose dominant state has dlmen5|on of =6in (E_>), We can can be obtained by = mean , (,)W (t) with [ts, t,] being
set the sensors on the robot to obtain 6-dimensional measyeime segment after the transient process.

menty, (e.g., the 3D displacement and velocity of the robotOsUsing the constant RBF NN mod¢20), following a similar

end-effector). As long as the sensors are properly placed, [} of the design of17), we can propose a knowledge-based

matrix Cp, of (13) can have full rank. controller as follows:
From (15), we can construct an adaptive RBF NN model to . . . o
identify/learn the nonlinear uncertainkyy., ) as follows: u=SK(ySya)+ Kura SKyySW S(ym), (21)
B (BB )5 (ym)= W S(Ym), (16) WhereK, K, andK, are design parameters given (@7)

_ _ i ~ Similar to the case of17)K19), the controller(21) can also
whereW RN"*3 is the estimate of the ideal NN weightprovide a desired control performance for the robot by us-
W in (15) andf (ym) is the estimate of (ym) in (14). BY ing the modeW S(ym) to handle the uncertaintf/(yn,) in
incorporating this model with the controll€9), we develop an (14), particularly, different from the adaptive learning controller
adaptive NN learning-based controller as: (17)(18), the control process dR1) does not need to repeat

u=SK(ySya)+ Kulrg SKyySW S(ym), (17) any onlin(_a adaptation qf NN pa}rameters, thereby reducing the
. computational complexity and time cost.
whereK is a design parameter satisfying @ S BK') < 0; Remark 5:We emphasize that our schemes (including the
Yd, 'd» Ad, Ku, Ky are given in reference modg8); and the |earning controller of17)B(18) and the knowledge-based con-
NN weightW is updated with the following adaptation law: troller of (21)) can be used even when the soft robot is operating
. . in a region away from the equilibrium poirgy, u) = (0, 0).

W= Slym)ySys) BS W, (18) This is due to the adaptive RBF NN-based learning mechanism
whereB is given in(14), = > 0and > O are design incorporated in the controller. It can online learn the robotOs
parameters, with being of a small value. uncertain dynamic$ (x;) in (7) and compensate its effect on

The learning controllgfl7)E(18)is designed by extending ourthe control process in real time, so as to guarantee the desired
previous works if[10], [11], based on a positive-dePnite Lya-System stability and tracking accuracy. Such setup can facilitate
punov function:V = e e+ tr(W S'W) with e= ySyy our scheme to provide desired control performance when the
andW = W S W . The overall performance of control stabilityrobot moves away from the equilibrium point and its model-
and signals® convergence can be theoretically proved based@nincertainty (i.e., the uncertain dynamicé,)) becomes
the deterministic learning theof¥6], and the details are omittedlarger.
here. Under the control ¢17)0(18), from (14)and(8), we derive
the error system dynamics as: V. EXPERIMENTAL TESTING ONSOFT ROBOT

e=(AgSBK)e+ f(xm)SBW S(ym). (19) Inthis secti(_)n, we will perf_orm physical experiments with the
setup shown in Figl, which includes the soft trunk robot, the
It shows that the effect of uncertaintyyy ) on the control pro- actuation system (air tubes) and the sensor system (ref3ective
cess can be compensated by the NN matdelS(yn, ), thus the balls and infrared cameras). The displacement of the robotOs
tracking errore can be made small. This veribes that, compareuhd-effector is measured by using OptiTrack motion capture
to the linear controlle(9), the adaptive NN learning controller systemg17], and the velocity is obtained with the Pnite differ-
(17) could provide a better tracking control performance for thence approximation technique.
soft robot in real applications.
A. Experiment 1: Feasibility Test

C. Knowledge Based Control Design The brstexperimentis to validate the effectiveness and advan-

With the adaptive learning control system @), (14), (17) tages of our approach. We examine the tracking performance of
and(18), once the learning control process is completed, we ctre soft robot under PID control, adaptive control, and adaptive

Authorized licensed use limited to: University of Rhode Island. Downloaded on December 20,2023 at 16:17:38 UTC from IEEE Xplore. Restrictions apply.



2) PID Control: We brst examine the control performance
for the soft robot using the PID control. The control gain
is set asP =[S0.8,50.7,0.2;0,50.7,51;0.8,0.7,0.2], | =
0.01P and D =0. The tracking performance is shown in
Fig. 3(a), in which the robot can be driven to track the refer-
ence path, but the tracking error is relatively larges(mm)
and presents an oscillatory behavior. It cannot accurately deal
with the robotOs complex nonlinear uncertain dynamics without
parameter tuning, thereby leading to poor tracking performance.

3) Adaptive Control:We further examine the control per-
formance using the model reference adaptive control approach
borrowed from[18]. The tracking performance for the soft
robot is plotted in Fig.3(b), showing a limited tracking ac-
curacy level that is similar to the case of PID control (see
Tablel). This result implies that the adaptive controller with-
out the learning capability cannot effectively adapt to the
complex highly-uncertain nonlinear dynamics of the robot
in the control process, failing to provide the desired control
performance.

4) Adaptive RBF NN Learning ControNext, we
examine the control performance of our proposed adaptive
NN learning controller (17)E(18). The RBF NN model
W S(ym) is constructed in a regular lattice with the
nodes N, =531441, and the NN inputy, is the
real-time displacement and velocity variables of the robotOs
end-effector. Associated design parameters are givef as
[58.29,58.13,3.82;50.12,58.84,59.69; 7.01, S9.89,4.07] -
10°t, K, =[S$6.3,5221,3.33;13,5309, $10.33;539,
§$26,3.1]-10°2, Ky =1, =0 .4 and =0.00125 The
tracking control performance of the adaptive learning controller
is illustrated in Fig.3(c), where the robotOs end-effecgoran
accurately track the reference trajectgry, and the tracking
errore= y S yq decreases over time and converge to a small
range ¢ 1.5 mm). As shown in Tablé, the adaptive learning

Control methods Max ([le[) ~ Mean ([le[)  RMS ([le[) controller can provide a steady-state tracking error with max

PID control 6232 mm 3119 mm  3.360 mm value 1.661 and mean value 0.444, which is smaller than those
Adaptive control 7467 mm 2931 mm  3.189 mm of PID control (max value 6.232 and mean value 3.119) and
Adaptive NN learning control  1.661 mm 0444 mm  0.499 mm adaptive control (max value 7.467 and mean value 2.931).

These results verify that, compared to the traditional PID
and adaptive controllers, our adaptive NN learning controller
can effectively handle the soft robotOs complex dynamics and
provide an improved control performance, i.e., higher tracking
accuracy.
RBF NN learning control and knowledge-based control, respec-5) Knowledge-Based ControDnce the learning control
tively. The comparison results are presented in Bigind in process of(17)E(18) is completed, we further examine the
Tablel. knowledge-based controll¢R1) with the control parameters

1) Model Linearization and Reference Model Desigor (K, K y,K) given the same as above. The results are presented
control implementation, we need to derive the soft robotiisFig. 3(d) and Tablel. The knowledge-based controller can
linearized model in(7). They are obtained by performing aachieve a similar tracking accuracy compared to the adaptive
linear-regression process on the robot in Figaround the NN learning controller (see Tablg but provide a faster tracking
equilibrium point(y, u) = (0, 0), i.e., the robotOs end-effectospeed (see Fig(c), and(d)). This is because, different from the
points vertically down without external actuation. We have  adaptive NN learning controller, the knowledge-based controller
[77,8.23,S4.47;50.56,94.9,51.14;S11.8,55.4,100]- 10°3, is integrated with the knowledge learned through the control
B =[S719,51.09,59.1;5138,57.95 S153; 352, S74.3, process, which can provide a control action by quickly recalling
37.1]- 10°2. The reference moddB) is given withAy =0, the embedded knowledge without repeating any online param-
By = B, and the reference trajectoyy is plotted as a red dasheter adaptation, thus leading to desirable tracking accuracy and
line in Fig. 3. faster convergence rate.

Knowledge-based control 1.457 mm 0.489 mm 0.536 mm

|[e]| is the Euclidean norm of tracking error e =y — y,;; RMS is the Root-mean-square
value.
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1 when encountering external disturbances during online
operation.

B. Experiment 2: Adaptability Test

The second experiment is to show the adaptability of our
adaptive learning controll€f 7)E(18) for the soft robot against
external disturbances. During the operation of the soft robot, we
attach a blue ball (0.102 kg) on the robot (0.142 kg) for a period
of time, which results in a major change in the robotOs dynamic
model. For this control situation, we examine the PID controller
and our adaptive learning controller by using the same control
setup as above, and the results are plotted in&i§pecibcally,
with the PID controller in Fig4(a), after loading the blue ball
at about 105 sec, the robotOs tracking error will increase and
remain stationary until the ball is removed at about 218 se@g. 5. Tracking control performance of the knowledge-based controller for
This indicates that the PID controller cannot effectively cop@e soft robot to track different reference trajectories.
with the robotOs model change induced by the blue ball. With

our adaptive learning controller in Fid(b), after loading the showing that the robot can accurately track these different ref-

_blue ball at about 154_2 sec, the robotOs trackln_g error wil pé?énce trajectories, and the tracking errors converge to a small
increase and then qmckly_d(_ecrease 0 a_level S|m|lar_ as bef éﬁge £ 2 mm). This veribes the applicability of our control
ywth;)n abogt Sr? sec. A S.'m”?r: cgalr;get mbth? igigcgmg er_z_ohs{cheme on the soft robot operating in the entire workspace.

IS observed when removing he ball at abou SEec. ISNext, we will verify the applicability of the learned knowledge

illustrates that once the robot encounters external disturban Btained from the adaptive learning control) on the soft robot
our learning controller can quickly adapt and respond to the dy- testing it on a new trajectory that has not been trained’.

namics change, and maintainthgtra_cking accuracy atad_esir € consider bve different reference trajectories in Bi@),
level. Consequently, the results in FHgverify that our adaptive including four trajectories | (i = 1,2, 3, 4) to be trained and

:{earr;}mg cfontrtc)) ller can provide al S_etterbcontrol performgnco%e trajectory ° to be tested. We brst train the soft robot on
or t. € S0 t robot against external disturbances compared (Q,a roterence trajectories by following a similar procedure of
traditional PID controller. SectionV-A4 and obtain the associated knowledge. By merg-
ing these knowledge with the merging mechanism as adopted
in [19], we can construct the knowledge-based controller of
The third experiment is designed to show the practicalif21). Then, we test this controller on the soft robot to track
of our control scheme when it operates on different trajectthe new reference trajectory®, which is different from the
ries within the workspace. To this end, we Prst consider fotmjectories ' (i = 1,2, 3,4) and has not been trained, and the
reference trajectories with different shape and location in thesults are shown in Fig(b). Our control scheme can still drive
workspace, as shown in Fi§. To drive the robotOs end-effectothe robot to track the new trajectory while guaranteeing the
to track these trajectories, we brst implement the adaptigtesired system stability and tracking accuracy. This veripes that
NN learning control process by using the same control setuping our learning control scheme, the learned knowledge can
of SectionV-A4, and obtain the learned knowledge/model taccurately capture the complex dynamics of the soft robot in
construct the knowledge-based controlle2f). The tracking the workspace, thus can guarantee the desired practicality of
performance of the knowledge-based control is plotted in3;ig.working on the new trajectory.

C. Experiment 3: Practicality Test
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(4]
(5]

(6]

(71
(8]
[9]
(10]
(11]
(12]
(13]

(14]

(15]
(16]

[17]
(18]
(19]
(20]

[14], aiming to develop a fault tolerant control[21]
scheme for providing safer and more reliable soft robot op-
erations. After this, we plan to extend these approaches fr%
single-segment soft robots to more complex multi-segment ones,

for better practical applicability. 23
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