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Abstract This paper proposes an adaptive neural
impedance control (ANIC) strategy for electrically
driven robotic systems, considering system uncertain-
ties and external disturbances. For the considered
robotic system, the joint velocities and armature cur-
rents are assumed to be unknown and unmeasured,
and an adaptive observer is then designed to estimate
its unknown states using a neural network. Based on
the observed joint velocities and armature currents, an
ANIC scheme is proposed and the performances of
the joint positions and force tracking can be improved.
We also prove that the control system is stable and all
the signals in closed-loop system are bounded. Simula-
tion examples on a two-link electrically driven robotic
manipulator are presented to show the effectiveness
of the proposed observer-based intelligent impedance
control method.
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1 Introduction

Robotic manipulators that are driven by the motors
are usually referred to as electrically driven robotic
manipulators (EDRM), and the voltages of the motors
are control inputs of robotic manipulators [1,2]. It is
pointed out that the relationship between the joint sub-
system and the motor subsystem should not be ignored
in the controller design [3]. If the motor dynamics
is not considered, the control performance will be
decreased. However, the robotic control system will
become more complex provided that the relationship
between the motor voltages and the torques is con-
sidered. For this integration, several powerful control
methods have been developed to control the EDRM to
achieve high performances.

As an intelligent method, neural network (NN) has
been widely utilized to derive the intelligent-based con-
troller for nonlinear systems with unknown dynamics
[4-10]. In [4], an adaptive NN back-stepping controller
was proposed to control a rigid link EDRM with the
uncertainties of the mechanical and electrical dynam-
ics. In [7], NN and adaptive bound part were com-
bined with the model-based controller to achieve tra-
jectory tracking for the redundant robot manipulator
at the actuator level, and the proposed controller could
guarantee that the trajectory tracking errors and subtask
tracking errors were converged to zero, where the DC
motors were controlled to provide the required torques
for each joint. For the unknown system dynamics and
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state constraints, He and Dong [11] proposed a fuzzy
NN learning algorithm to identify uncertain system
model without knowing the uncertainty and a sufficient
amount of data observed in advance. Also, Zhang et
al. [12] proposed a NN-based full-state feedback con-
troller for robots with known closed-loop states. The
above investigations designed the high-performance
controller for robot manipulators based on the assump-
tion of all the known or measured states, such as the
joint positions and velocities and armature currents of
motors. However, in the practical robotic manipulator
systems, the joint velocities were often measured by the
velocity sensors, which are expensive and usually con-
taminated by noise [13], further resulting in inaccurate
armature currents of motors.

To reduce the cost and noise disturbances, effec-
tive observers were designed to replace the actual joint
velocities measurement. Vo et al. [14] presented two
second-order sliding mode observers to estimate the
joint velocities and the system uncertainties, respec-
tively, and the observer-based output feedback track-
ing controller was then designed. Yen et al. [15] pre-
sented a reduced-order observer for the flexible-joint
EDRM to estimate the velocity signals, but the arma-
ture current had to be required for feedback. Liu et al.
[16] designed the neuro-adaptive observers that could
estimate all state variables of the flexible-joint robotic
systems; however, the motor dynamic model was not
included in robotic systems. Haouari et al. [17] com-
bined the advantages of coefficients diagram method
with the back-stepping procedure to control the EDRM
in the presence of uncertainties associated with robot
and motor dynamics, and an observer was designed
to achieve the exponential stability with the position
and velocity estimations. Regarding the position track-
ing control of EDRM based on the state observers, the
above investigations did the great work. Yet, the forces
of the end-effector have not been controlled. Since
the control tasks have become increasingly complex,
the traditional position-based tracking control methods
cannot meet the compliance requirement of the indus-
trial robots. Therefore, the force control for the end-
effector of EDRM should be involved so that the high-
accuracy positions and force tracking performances
could be achieved.

As a force control method, the impedance con-
trol has better robustness and adaptability in com-
parison with other force control methods [18-23].
Baigzadehnoe et al. [22] proposed an adaptive fuzzy
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back-stepping position/force control approach to ensure
that the signals of the closed-loop system were all uni-
formly ultimately bounded (UUB), where the fuzzy
system was used to estimate the unknown system
dynamic. Fateh [24] applied the voltage control strategy
to provide the impedance control that was free from the
dynamics of the robotic manipulator. Yang et al. [25]
proposed an observer-based adaptive NN impedance
controller to achieve the position and force tracking
control for uncertain robotic manipulator, where a non-
linear velocity observer was designed to estimate the
joint velocities. To further improve the performance
of the controller, the motor dynamic model should be
considered, and Chien [26] proposed a back-stepping-
like procedure incorporating the model reference adap-
tive control strategy to construct the impedance con-
troller. Moreover, the back-stepping technology has
been widely used to design the tracking controller
for the EDRM to guarantee the stability of the whole
closed-loop system, as well as for the flexible-link
robotic manipulators [26-32]. However, the force con-
trol and/or state observer-based control were usually
not involved in the above controllers design.

Considering the above drawbacks, to achieve the
high performances of position and force tracking con-
trol in the free space and the contact space, advanced
and intelligent control methods need to be developed
for the EDRM in the presence of the unknown joint
velocities and the armature currents. To achieve the
above benefits, this paper proposes an adaptive neu-
ral impedance control (ANIC) approach to control the
EDRM based on a neuro-adaptive observer (NAO),
where the force control and state observer-based con-
trol are considered simultaneously in the controller
design. Consequently, the main contributions are pre-
sented as follows:

(1) The joint velocities of the robotic manipula-
tor and the armature currents of the motors are
all assumed to be unknown and unmeasured,
and then, an NAO is presented to estimate the
unknown system states.

(2) Based on the impedance relationship, an NAO-
based ANIC method is proposed for controlling
the EDRM, where the adaptive NN is utilized to
estimate the system uncertainties so that the accu-
racy of the positions and force tracking is then
improved, and a robust term is also derived to
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compensate the approximation errors and distur-
bances.

(3) Considering the relationship between motor volt-
ages and control torques, the proposed NAO-
based ANIC scheme is designed by the back-
stepping technique, which can achieve position
and force tracking performances when the EDRM
contacts with environment.

According to the Lyapunov stability theory, the sta-
bility of the NAO-based ANIC system can be guaran-
teed. Finally, the simulation results show the feasibility
of the proposed observer-based control method.

The rest of this paper is organized as follows. In
Sect. 2, the structure of NN and the dynamic model
of the EDRM with motor dynamics are addressed. In
Sect. 3, the NAO and its stability are designed and ana-
lyzed, respectively. In Sect. 4, the NAO-based ANIC
scheme and its stability analysis are also derived based
on the observed states. Simulation results are presented
in Sect. 5 to validate the effectiveness of the pro-
posed intelligent-based observer and impedance con-
trol scheme, and the conclusions are given in Sect. 6.

2 Problem formulation and preliminaries

In this paper, 91 denotes the real number set, " denotes
the n-dimensional vector space and R"*" denotes the
n x n real matrix space. The norm of vector x € "
is defined as ||x| = VxTx and the norm of matrix
A € W isdefinedas ||A|| = tr(AT A). The minimum
and the maximum eigenvalue of matrix A are denoted
as Amin(A) and Amax(A), respectively. I, x, denotes
the identity matrix and Oy, «, denotes the m X n zero
matrix. The standard sign function is denoted as sgn(-)
and the diagonal function is denoted as diag(-).

2.1 Description of neural network

In general, a neural network (NN) has the strong
approximation ability, which has been proved theoret-
ically that the NN can approximate any nonlinear con-
tinuous function over a compact set to arbitrary accu-
racy [5,7]. The structure of a three-layer NN can be
described as,

W(W,x) = Wip(x) ¢))

where x = [xl,...,an]T e MV denotes the
input vector, N, denotes the input dimension, W =

[wi,...,wy,] € MNsxNo denotes the weight matrix
withw, € WY, k=1, ..., N,, N; denotes the number
of neuron nodes and N,, denotes the output dimension,
¢ (x) = [¢1(x), ..., ¢n, (x)]T € RNs denotes the acti-
vation function, and the Gaussian function is usually
chosen as the hidden layer output function ¢; (x),

(x—cp)T(x—cj)
¢;(x) = exp [— L )
8.
j
where j = 1,..., Ny, and c; denotes the center of the

Jjth neuron node, and §; denotes the width of the jth
neuron.

In general, NN (1) is applied to approximate the
continuous smooth function f(x) : 2, — R over a
compact set Qy € RN i Ny is large enough, the ideal
bounded weights W* exist, and we have,

f@) =WTpx) +e(x) 3)

where £(x) is the reconstruction error. However, the
ideal weight matrix W* is generally unknown, the esti-
mated weight matrix W is thus used to replace W* to
approximate the function f(x), i.e.,

f)y=wTleo) 4)

where W can be adjusted by the learning law. Assumed
that there is a compact set Q%,, which is defined as
Ql, = (W* € WVNo . ||W*|| < Ew}, then the ideal
weight matrix W* can be obtained as,

W*=arg min {sup| f(0) = Wip() [} ()
w

Assumption 1 The reconstruction error is bounded
as,

leGONl =< 8¢ (6)

where §¢ is a positive constant.

In this paper, to achieve the satisfied observe and
control performances of the EDRM, the NNs will be
utilized as the compensators to eliminate the system
uncertainties both in the robotic systems and in the
motor dynamics.

2.2 Robotic manipulator dynamics and properties

Considering the relationship between the motor volt-
ages and the driven torques of a general n-degree of
freedom (DOF) EDRM, the dynamical models of the
manipulator and motor can be described as [3],
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M(@)§ + C(q.9)q + G(q) + t7(q) + 4
= K1l — JT (@) F, 7
Liy+ Ry, q) +ue =u (8)

where g, g and § € N" represent the joint position
vectors, velocity vectors and acceleration vectors of the
robotic manipulator, respectively; M (g) € R"*" repre-
sents the positive definite and symmetric inertia matrix;
C(q,q) € R represents the effect of centrifugal
and Coriolis forces; G(gq) € N" represents the gravity
vector; T7(q) € N is the friction effects; 7y € N"
denotes the bounded unknown disturbances including
unknown payload dynamics and unstructured dynam-
ics; I, € M" denotes the motor armature current;
Kt € R denotes the positive definite constant diag-
onal matrix which characterizes the electromechani-
cal conversion between the armature currents and joint
torques; J(g) € N"*" represents the Jacobian matrix
that is to transfer mapping from the join space to the
task space; and F, € 9" denotes the contact force at the
end-effector. L € RN"*" is the positive definite constant
diagonal matrix denoting the electrical inductances;
R(I,, ¢) € N" represents the electrical resistances and
the motor back-electromotive forces; u € N" is the
control input voltages; u, € N" represents the additive
bounded voltage disturbances.

In general, due to the measuring errors, environ-
ment and payloads variations, it is difficult to obtain the
precise values of M(g), C(q, ¢) and G(g) in dynam-
ical model (7), which include the physical parameters
of manipulators such as links lengths, links masses,
moments of inertial and so on. Here, we assume that
the actual values M (q), C(q, q) and G(q) satisfy the
following relationships:

M(q) = Mo(q) + AM(q)
C(g,q) = Colg,q) + AC(q, q) )
G(q) = Golg) + AG(q)

where My(q), Co(q, ¢) and Go(g) are the nominal
parts and AM (q), AC(q, q) and AG(q) are the uncer-
tain parts.

Then, the robotic dynamic model (7) can be repre-
sented as,

Mo(q)g + Colq, §)g + Golg) + Y (q. 4, In) +
= K1l — J'(@)F, (10)

where Y (q, ¢, I,) can be expressed as follows,
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Y(@.d. In) = SM@) + 5C@. )i + 5G@) + @)
= M@ [M7 (@) (Kr1n

—C(q.9)q — G(q) — 1£(§) — 1q) ]
+ AC(q.4)q + AG(q) + T5(q) (11)

The following properties and assumptions are
required for the subsequent development.

Property 1 Theinertia My(q) is a positive definite and
symmetric matrix, which is uniformly bounded and sat-
isfied:

0 < kmluxn < Mo(q) < kplnxn, Vq € R
where Kk, and Ky are some positive constants.

Property 2 The matrix Mo(g) — 2Co(q, ) is skew
symmetric, i.e.,

T (Mo(q) —2Co(g, §)) ¢ =0, ¥¢ € "

Property 3 The norm Cy(q, q) is linear with respect
to g such that

Co(g,¢ +¢) =Colg, %) +Colg, 5)
Colg,¢)s = Colq, 5)¢
ICo(q. Ol < Cpligll, forq, ¢, ¢ € K"

where Cy is a positive constant.

Assumption 2 The unknown disturbance term tg of
robotic model is bounded by ||t4|| < tp, where Tp is a
positive constant.

Assumption 3 The unknown disturbance term u, of
motor model is bounded by ||u.|| < ug, where ug is a
positive constant.

Let X € N be the position vector of the end-
effector of EDRM in the task space. The relation
between the task space and the joint-space can be
described by the following forward kinematics,

X =P(q) 12)

where P(-) is the forward kinematic map, which is
generally a nonlinear transformation between the task
space and the joint-space. The velocities X of the end-
effector in the task space is related to the joint velocities
q as,

X =J(q)q (13)
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The corresponding Cartesian space representation of
robotic dynamic model Eq. (10) can be then expressed
as,

M*X + C*X + G* + Fy + Fy, = J 'Krl,, — F,
(14)

where X, X and X are the position, velocity and accel-
eration vectors of the end-effector in Cartesian space,
respectively. X = J§ + Jg, M* = T TMy(q)J ",
c* = J7(Colg. ) — MoV )71, G

J YGo(q), Fr =T 1Y (q,q, In), Fr, = J T1q, and
J is the Jacobian matrix that is assumed to be square
and invertible. It should be noted that the generalized
inverse matrix of J (¢) can be utilized provided that the
Jacobian matrix J(g) is not a square matrix [23].

Lemma 1 According to Property 2, the matrix M* —
2C* is also skew-symmetric, i.e.,

(Y —2C0% ¢ =0, Ve e "

The proof of this lemma can be found in “Appendix A”.

Assumption 4 The disturbance Fy, is bounded by
| Fyll < Fp, where Fp is a positive constant.

Generally, the inaccuracy of the system states infor-
mation and the uncertainties of the robotic and motor
dynamics could decrease the control performances of
the robotic system directly. In this paper, the objective is
to design an observer to estimate the system states, and
to design an adaptive neural impedance control method
to achieve a certain position and force tracking perfor-
mance based on the observed states even though there
exists system uncertainties and external disturbances in
EDRM.

3 Neuro-adaptive observer design and stability
analysis

For the robotic system (8) and (10), assumed that ¢,
F, and u can be measured directly, while the velocities
¢ and the currents /,, are unknown. In this section, a
neuro-adaptive observer (NAO) is designed to estimate
the unknown states of EDRM.

3.1 Neuro-adaptive observer design

Let the states be x; = ¢, x = ¢ and x3 = I, the
state-space model of EDRM described by Eqs. (8) and
(10) can be then represented as,

X1 =xp

X2 = Mo~ (x1) [ Co(x1, x2)x2 — Go(x1)

=Y (x1,x2,x3) — Tq + Ktx3 — J T (x1) F, ]
%3 = L7 [u— R(x2, x3) — uc]
y=x1 (15)

According to Property 3, it can be concluded that,

Co(x1, x2)x2 — Co(x1, X2)X2
= Co(x1, x2)X2 + Co(x1, x2)X2 — Co(x1, X2)%2
= Co(x1, X2)(x2 + %2) (16)

Then, the system state equation (15) can be rewritten
as,
X1 =x2
X2 = x3 + for(x1, X2) + ho1(x1, x2, x3) + di
X3 = L7 U+ hoo(x2, x3) + da
y=xi

A7)

where f,1(x1, X2) represents the known part of the
robotic model; h,1(x1, x2, x3) and h,2(x2, x3) repre-
sent the unknown parts of the robotic model and the
motor model, respectively; di and d> represent the
unknown disturbances of the robotic model and the
motor model, respectively, which can be described as,

Sor1(x1, X2)
= My~ (x| = Colx1, £2)%2 = Go(x1)
—I @ F] (18)

ho1(x1, x2, x3)
= Y (x1, x2, x3) — Co(x1, X2)(x2 + %2)

+ (Mo~ ) Kr — 1) x3 (19)
hoa(x2, x3) = —L 7' R(x2, x3) (20)
dy = —Mo ' (x1)a 1)
dr = —Lu, (22)

According to Assumptions 2 and 3 , it can be con-
cluded that d and d» are both bounded and satisfied,
D

d _— 23

W ) 3
Ug

b < — 24

2]l < o7 (24)
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The standard form of the system state equation (17)
can be represented as,

{ Xo = AX() + Hy(x0) + Fo(x1, X2, u) +d

25
y=Cxo (25)

T
Where Xo = (-x']rwsza-x?,T) ’ H()(XO) = [07 h()] (X{))a
hop(x2, x)1T, Fo(xi,%0,u) = [0, for1(x1,%2),

L]’ d =10,di,d]", and
070

A={001 |, C=[1,00]
000

Considering the excellent approximation ability of
NN to nonlinear function, in this scheme, the unknown
function H,(x,) is approximated by using NN, i.e.,

Hy(X0) = Wo 0 (x0) + £0(X0) (26)

We select the Gaussian function (2) as the activation
function of NN. Since the Gaussian function and the
ideal weights are bounded, we have ||¢,(xo)|l < Bmax
and |[W,*|| < Wmax, Where the parameters fax and
Wax are both positive constants.

Assumed that the robotic system is stable, that is, x1,
x7, x3 and u are all bounded, then we denote x1, X, and
X3 as the observed values of x1, x; and x3, respectively,
and we define the observed errors as X; = x| — X1,
X = xp — Xxp and X3 = x3 — x3. Then, the NAO, which
has the states ()?1T, )EZT )?3T)T and the inputs (xlT, uhHT,
can be designed as follows,

Xo = ARo + W] $o(Ro) + Folx1, 2, 1) + G(y — CRo)
¥=CXo
27)

where ¥, = ()EIT, 322T , JE3T )T is the estimate value of x,;
G is the gain matrix of the observer. By choosing an
appropriate matrix G, the matrix A — GC can be a Hur-
Witz matrix.

Substituting Eq. (27) into Eq. (25), the system error
dynamic equation of the observer can be obtained as,

):{a = -A)Z() + HU(X()) - WOT%()A(U) - g(y - C)%o) +d
y = Cio

(28)

where %o = o — Xo. Yy =y — J.

Since

Ho(X0) — W o (%0)
= W0 (xo) + €0 (X0) — W0 (%0)
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= WOT%()%) + W:T [¢0(X0) - ¢0()20)] + €0 (Xo)
= W) $o(Ro) + @o(%o) + 20(x0) (29)

where Wo = W,* — WU is the estimated weight error,
and w,(),) is the estimated error of the radial basis
vector, which is defined as,

@0 (%) = W @0 (7o) = Wi [¢0(X0) — bo(R0)]
(30)
Therefore, the system error dynamic equation of the
observer can be then represented as,
{ Xo = -A/)Zo + W;r(ﬁo()%o) + wo(Xo) + €0(x0) +d
y = CX~0
(31
where A’ = A — GC is a Hurwitz matrix, therefore,
for a given positive definite matrix Q,, there exists a
positive definite matrix P,, which is satisfied,
PA+ AP, =—0, (32)

Assumption 5 The approximation and reconstruction
errors of NN are bounded and satisfied,

llwo(Xo) Il < Ew, 3,

where 8y, is the positive constant.

According to Eqgs. (23) and (24), it can be concluded
that the disturbance term d is bounded, that is, d sat-
isfies ||d|| < 84, where &4 is a positive constant. And
according to Assumptions 1 and 5, the approximation
error of NN is bounded. Then, the following boundary
condition will be satisfied as,

lwo(Xo) + €0(x0) +dIl < EW08¢0 + 880 + 84 £ Po
(33)

where p, is a positive constant.

3.2 Stability analysis

Theorem 1 For the robotic dynamic models (10)
and (8), we assume that Assumptions 1-3 and 5 are all
satisfied, the NAO is designed as Eq. (27), the weights
adaptive law of NN is designed as,

Wo = kw, [#0(0)57C + ¥ ICo 1 Wo | (34)

where ky, and y are both the positive constants.
Then, the designed observer is stable. Moreover, the
observer error ¥, and adaptive weights error W, are
both bounded.
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Proof Choosing a Lyapunov function candidate as,

| R
Vo = = Xo Pyxo +

5 tr{ W, W,} (35

2kw,

o

Taking the derivative of the V, with respect to time,
then substituting Egs. (32) and (33), yields,

¥ lLT ~ l’“T 3 1 ~TL
Vo = E o PoXo + EXO Poxo + rtr{WO Wo}

1. T -
=3 TP A+ A Po)o

14

~ R » T 5
+ I:W;rqjo()(o) + wo(Xo) + €0(X0) + d] Poxo
1 - E
+ —tr{W, Wy}
kw,
I - - ~ .
= _EX(TQOXO + X(TPOWE(PU(XU)
~ T ~
+ [wo(X0) + €0 (x0) +d]" Poko
ST o <TAT ST .
[ W] 8000 CTC + W IC T I W = W)
1 N ~ -
= —E?wmn(Qo)llXoll2 + Bmaxll PolllWollll Xo l

+ Bmax ICI I Wollll Xoll
+ ¥ Winax ICIHI Wo [l %o |

=2 .
= 7ICHIWoll" X0l + poll Polll Xoll

! - 2
= =5 min(Qo) %ol

2
(Bumax | Poll + Brax ICI2 + ¥ WnaxIC1])
4yl

+ I Xoll

= ylel (Il

2

Bmax | Poll + BmaxICII> + ¥ WinaxICI1\ ™, _

- I %ol
2ylC]

+ poll Polll xoll (36)

Since

2

- ax|| P ax|ICI1% 4 ¥ Winax IC

—ylcl (”W()Hiﬂmax” oll + Bmax CII7 + ¥ Winax |l ”)
2ylicl

Xl <0 37

Then, Eq. (36) is bounded as,

. 1 -
Vo < _E)Lmin(Qo) I X0 ”2

2
(Bmax || Poll + Bmax|ICI1> + ¥ Winax [ C1l)
4y liCll
+ poll Pollll Xoll (38)

+

Xl

We define,

2
(Bmax | Poll + Bmax|ICII* + ¥ WinaxlIC]I)

=
4ylcl

>0
(39

It can be concluded,

. 1 - - ~
Vo < _E)\min(Qo)”Xo”2 + ol Pollll Xoll + €1l Xoll
(40)

As shown from the above equations, if |[x,| >
ool Poll +28) /Amin(Qo) £ S Where‘g is a posi-
tive constant, it can be concluded that V, < 0, that
is, by selecting appropriate parameter y, p, and matrix
A’ to make ¢ be an arbitrarily small value to guarantee
IXoll > ¢. According to the Lyapunov stability theory,
the observer states error ), and adaptive weight matrix
error W are bounded. O

4 NAO-based ANIC design and stability analysis

In this section, a neuro-adaptive observer (NAO)-based
adaptive neural impedance control (ANIC) scheme
based on backstepping method for the EDRM is devel-
oped to achieve the position and force tracking. To
improve the tracking performances, the adaptive NN is
used to estimate the system uncertainties of the robotic
system, and a robust compensator term is derived to
compensate the disturbances and approximation errors
of the NN.

4.1 NAO-based ANIC scheme design

Define the vectors X and X as the position vector and
velocity vector in the task space, respectively, the posi-
tion tracking error E and velocity tracking E of the
end-effector can be then represented as,

E=X,—-X,E=X,-X 41)

where X, and X » are the reference position vector and
velocity vector in the task space, respectively.
We define a filter tracking error as follows,

r=E+ AE* (42)
where A = AT > 0Qisa positive matrix, and E* =

[EY, E)*, E;‘]T is defined as,
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B — {e[ (free space) = x .z 43)

ey (contact space) ’
where e and ey denote the position error in the free
space and the force error in the contact space, respec-
tively.

Remark 1 The error E* is defined by considering the
difference in the control targets of the robot in the free
space and the contact space. In the free space, E* is the
position error e of the end-effector. While in the contact
space, E* is the combination of the position error ¢ and
the contact force error e s of the end-effector.

Since the relationship between motor voltages and
driven torques are considered in the EDRM, the force
tracking impedance controller is then designed based
on backstepping method. We define the error signals
z1 = r and zp = x3 — «, where « is a virtual con-
trol signal. The unknown system states x, and x3 are
represented by the estimated values x; = x; — X and
X3 = x3 — X3, respectively, which can be obtained by
the designed NAO in Sect. 3, where X, and x3 are the
estimated errors. The velocity vector X in the task space

is represented by the estimated velocity X=X-X,

where X is the estimated velocity errors in task space.
Then, the estimated filter tracking error can be repre-
sented as,

F=E 4+ AE* (44)

where £ = X, — X. Then, the corresponding tracking
errors can be modified as z; = 7 and 2, = X3 — «,
and the system dynamic equations (14) and (8) can be
rewritten as,

M*Z = —C*21 — J TK1(32 + )
+Fy, + Fo 4+ He(x1) (45)
LZy =u — R(x2,x3) — L(& + Z2) — ue (46)

where x; = (XT, XT, E*TT and H.(x1) represents
the uncertainties term of the robotic system and can be
defined as,
He(x)) = M*(X, + X + AEY)
+C*(X, + X + AE*)+G*+ Fy  (47)
In this paper, the unknown function H.(x1) is esti-
mated by using NN, i.e.,

He () = Wil o1 () + e10x1) (48)

@ Springer

Similar as the NN in Sect. 3, the estimated error
w1(X1) can be represented as,

o170 = WiTh1(x) = Wi [01Ga) — 1(R0)]
(49)

where x| = x1 — x1 where X is the estimated state of
X1, and Wy = Wl* — Wj is the weight estimated error.

Step 1 Select the virtual control signal « as the ideal
Im,
o= K'JT[Kazi+ WIi1Gl) + Fe +uat | (50)

where K is a positive matrix, and u. is a robust term,
which will be defined later.
Then, substituting Eq. (50) into Eq. (45), yields,

M*% = —C*5) — J T Ky + Foy + He(x1)
— [ Kz + W1 (i) + el (51

Then, substituting Egs. (48) and (49) into Eq. (51),
we have,

M*%3) = —C*2) — K21 — J TKré + Wi (z1)
— [uer — w1 (1) — e1(x1) — Fr | (52)

Similar as Assumptions 1 and 5, we can obtain,

o1 (XDl = Ew, 8¢, llet(x)l = 8, (53)

where 84, and d, are both the positive constants. Then,
according to Assumption 4 the following boundary
condition will be satisfied as,

w1 (x1) +e1(x1) + Fryll < Ew, 8¢, + 0¢,
+ Fp £ pei (54)

where p.; is a positive constant. The robust compen-
sation term u.1, which is used to compensate the dis-
turbances and approximation errors, can be designed
as,

ETTET
e = Pcl YK I.f ”Z,\l ” ;é 0 (55)
0, if |21]1 =0
The NN adaptive law is designed as,
W1 = kw, [¢1 (X1)z1 — 8w, Wl] (56)

where kyw, and 8w, are both the positive constants.
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Choose a Lyapunov function candidate as,

1,

1 e
Vi = —:TK: ' Mz tr{WlIw 57
1 211 21+ 2w, r{W; Wi} (57)

Taking the derivative of the V| with respect to time
and substituting Eq. (57), yields,

1

. . 1 JO3
Vi = zzl TR "M*2) + 2T KD M*2) + k—tr{WlTW1}

Wi

= ! K "z
221 21

+ 21K { —C*%1 — Ka121 — J K12,

+WEp1(R) — [er — w1 (1) — &1001) — Frd”
1 ~ 2
+ —tu{W, Wi}
kw,
= 21K = Kazi — 77T Knd + Wn ()

~ [aer = 01Gin = €160 ~ )

1 JUS
+ —u{Wiwy) (58)
kw,
Substituting Eqs. (54)—(56) into Eq. (58), and consid-

ering the fact Wl = —Wl, yields,

Vi < =Tk 'Kz — 2707 50 + Sy, te{ W W)

(59)

Step 2 Now, we consider the motor dynamic equa-
tion (46), choose the ideal control input as,

ted = R(x2, x3) + LG +22) (60)
and take the first derivative of Eq. (50), yields,

. Jo . oo » Jdo & o . o .
o= —~ —F,
aJ 074 AW, 091 F,
=K;'JT (Kclzl + Wipr + Fo + Mcl) + @o
(61)
where

. < T A . .
Vo = K{IJT (Kclfl +Wio + WIFCbI + Fe) (62)

In this scheme, another NN is used to approximate
the ideal control input u,q4 as,

tea = W3 d2(x2) + £2(x2) (63)
where x; = ()cl ,x2 ,XT, XT, ExT, goa)T

Remark 2 In general, R(x>, x3) in Eq. (60) includes
the motor-related parameters like the back-EMF con-
stants. These parameters are difficult to be measured
precisely [3]. Also, the term & in Eq. (60) is relatively
complex, and it is hard to implement controller design
directly. Therefore, the neural network is also used to
approximate the control input u.4 in this step.

Since the joint velocity ¢ and the armature current
I, are both estimated by the NAO, we use the estimated
input 3o = (x1 ,x2  XT, XT E*T, o T to replace the
x2. Then, the control input can be designed as,
u=J"T% — KaZo + Wyn(R2) + uca (64)

where u.; is the robust compensation term.
Substitute Eq. (64) into Eq. (46), yields,

KeaZo + W o (R2) + e — tieq — tte
(65)

Li =713 —

Similar as Eq. (29), one can obtain,
ted — W3 $2(%2) = W3 $2(%2) + @2(%2) + €2(x2)
(66)

where Wz = Wr* — Wz, X2 = Xz — X2, w2(X2) =
W2*T[¢2(X2) — ¢2(x2)]. And similar as Assumptions |
and 5, we can assume,

lo2(X2) | < Ewy8¢,, lle2(x2) Il < Sw, (67)

where 84, and Sy, are both the positive constants. Sub-
stitute Eq. (66) into Eq. (65), yields,
Lz = J7"2 = Kefa + Wi $2(R2)

+ [ue2 — 02(X2) — €2(x2) — ue (68)

Since the approximation error of NN is bounded,

and according to Assumption 3, it can be concluded
that the following boundary condition is satisfied as,

lw2(7%2) + e2(x2) + ttell < Ewy8¢, + 8¢y + g = pe2
(69)

where p. is a positive constant. The robust compensa-
tion term is derived as,

_ 22 PN
wy = | P i 1220 £ 0 o
0, if 23] =0

and the NN adaptive law is designed as,

Wa = ks [ 9202022 — Sws W | an
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where kw, and dw, are all the positive constants.
Choosing a Lyapunov function candidate as,

1.r . 1 ~ T
Ver = EZZ Lz + TWZU"{WQ Wa} (72)
Taking the derivative of the V., with respect to time

and substituting Eq. (68), yields,

. AT A 1 ST
Ve = I Lzo + k—tr{W2 Wz}

Wa

- 2§{JT*121 — Ko+ WEdn(3a)
+ ez = (02(72) - 200) = e}

1 IO
+ —tr{W,) Wa) (73)
kw,

According to the modeling error equation (69) and
the robust compensation term (70), we can obtain

i [ue2 = (02() —e200)) —ue| <0 4

Thpn, consi.dering the NN adaptive laws (71) and the
fact Wg = —Wz, we have,

T~ R 1 JU3 ~ oA
WL (52) + k_“{WZT Wa) = Sw,tr{Wa Wa) (75)

Wa

Substituting Egs. (74) and (75) into Eq. (73), yields,

Vo < 200715 — 23K 050 + S tt{WI Wa}.  (76)

4.2 Stability analysis

Theorem 2 Considering the robot dynamic Eq. (14)
and motor dynamic Eq. (8) of EDRM, supposed that
Assumptions 1-5 are all satisfied, the NAO-based ANIC
law is designed as Eqs. (64) and (50), where the robust
compensation terms are designed as Egs. (70) and (55),
and the NN adaptive laws are designed as Egs. (71)
and (56). Then, the stability of the observer-based
closed-loop control system can be guaranteed. Fur-
thermore, the error signals Z1, Z» and adaptive param-
eter errors Wi, i = 1,2 are all uniformly ultimately
bounded(UUB). It means that the position error e in
the free space, the force error ey in the contact space

and the velocity error E are all bounded and can be
made as small as possible.

Proof Choosing a Lyapunov function as,

@ Springer

_ [ X SR I A
Ve=Ve1 + Vo = ZZlM 21 + 212L22

2

1 -~

§ tr{WIW; 77
+i=] e r{W; W;} (77)

i

Taking the derivative of the V. with respect to time and
substituting Eqs. (59) and (76), yields,

Ve=—21Ki' K2y — 210 T+ 230715
2 .
AT 2 7T x
— 2 Kezo + E Sw, tr{W;” W;}

i=1

2
=~ K1 K2t — 53 Kol + ZSW,-H{WZ-TW:'}

i=1

(78)
Since

2 2 s
> swr{WIWiy < = > (W W)
. )
i=1 i=1

25
+y %tr{w;"T W) (79)

i=1
Then, Eq. (78) is bounded as,
2

y A~ — ~ A N (SW;' ~ ~
Ve < =3[ K1 'Kai2i — 33Kt — Y Ttr{WiTW,-}
i=1

2
Sw
+y° %tr{Wi*TWi*} (80)
i=1
Define
)\‘ .
.= mln(Qc) (81)
Amax (Pe)
where
[2K7'Ke1 0 0
Qc = 0 2K02 0 s
0 0 diag{Sw,. dw,}
[ M* 0 0
P.=| 0 L 0
: 1 1
i 0 0 dlag{W’W}
and
25
> W T < e (82)

i=1
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where €. is a positive constant. Then, according to
Eq. (72), it can be concluded that V. is bounded as,

Vc = _ﬂch + €c (83)

Based on Lyapunov stability theorem, the stability of
the whole closed-loop system can be achieved. More-
over, solving the inequality (83) yields,

€c €c
0< V) < [vc(m = —‘] e 4 = (84)
e c
It means that the error signals Z1,2> and the NN weights
errors Wi,W, are all UUB. Furthermore, for arbitrary
7(tv), we can obtain the following equation as ¢ > f,

IFOI = llZ1 @]

Ve(to) — EC/T[C ~ 2e.
<\ lZi(t)|Pe7 " + (85)
\/ Amin(Pc) Peme

From Eq. (85), the first term within the square root will
converge to zero, which means that the filter tracking
error ||7(1)|| < ~/2€./(P.m.) ast — +oo. Therefore,
it can be concluded that the filter tracking error, which
consists of the position error e in the free space, the
force error ey in the contact space and the velocity

error £, can be made as small as possible by appropriate
choice of the design parameters. O

Remark 3 Due to E = X, —Xand E = X, — )A(, the
actual velocity error can be obtained as,

E=FE—X (86)

Since the observer errors X, and x3 are both bounded
and are proven in Sect. 3, which means that the

observed velocity error X in the task space is also
bounded, the actual velocity error E and the armature
current /,, are bounded.

Remark 4 In this paper, the NAO is designed to obtain
the unknown joint velocities and armature currents.
Then, considering the relationship between motor volt-
ages and control torques, the ANIC scheme is designed
by the backstepping technique to control the EDRM
based on the observed velocities and the armature cur-
rents. In the designed controller, the neural networks are
used to approximate the unknown functions and uncer-
tainties, and the robust terms are designed to eliminate
the effect of the approximation errors of neural network
and the external disturbances. In this way, the stability
of the whole system is guaranteed and the signals in the

closed-loop system are all bounded, which means that
the position and force tracking can be achieved when
the EDRM contacts with environment.

Remark 5 The observer parameters G, v, p, and con-
troller parameters A, K.1, K2, pc1, pe2 are sensitive
to the convergence rate of the observed errors and con-
troller errors. In general, the increase the above param-
eters will result in a faster convergence speed. How-
ever, it is not recommended to use very large design
parameters, because this may lead to a stronger noise
effect. Moreover, too large or too small values of the
gain parameters y, p.1, pc2 Will lead to the overshoot.
Therefore, the parameters should be adjusted carefully
for achieving suitable performances of the observer and
controller.

5 Simulation examples

To verify the performances of the theoretical results, in
this section, the proposed NAO-based ANIC scheme
is utilized to control the electrically driven 2-DOF
robotic system. The matrices of robotic system (7) are
described as,

M(q)
| G+ m)l 2 + mala? + 2malilcy ma(lh? + Iilaco)
ma(l? + lilhe2) maly?
Clq.d) = —2m21112S.242 malilys242
malilasagy 0

my +mo)liger + mplyge
G(q)=|:( 1 2)higer 2l2g 12}’
malrgcya

and the Jacobian matrix is given as,

—lis1 — s —hspa
J(g) =
@) |: licy + ey ber :|

where /1 and [, denote the length of link 1 and link 2,
respectively; m| and m, denote the mass of link 1 and
link 2, respectively; s; represents sin(g;), ¢; represents
cos(q;), sij and ¢;; represent sin(g; + ¢ ;) and cos(g; +
qj) fori, j = 1,2, respectively; g is the acceleration
of gravity.

The electrical inductance vector L = diag(L1, L),
and R(I,,, ¢) in motor dynamic model (8) is given as,

R(Iy,q) = Rl + Kpq

where the positive definite diagonal matrices R € R"*"
and Kg € \"*" are the electrical resistance and the
motor back-electromotive forces, respectively.
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Table 1 The structures and parameters of neural networks

(Wi, xi) 0 1 2
Structure 6-20-6 6-20-2 12-20-2
Center c; [—5,5]20 [—5,5]0 [=5, 5120
Width §; 5 5 5
Learning law 0.2 0.2 0.15
kw,
Input % @I 3T 5T) (XT, KT, BTy T, 5T, XT, R,
E*T, 902)
Initial weights 0 0 0
Wi (0)

Table 2 Simulation parameters of the robotic system

Parameter Unit Actual values Nominal values
I m 1 0.9

12 m 1 1.1

my kg 2 1.6

my kg 3 33

g m/s? 9.8 9.8

K11 =Km Nm/A 10 10

Ri =R Q 4 *

Kp1 = Kp2 Nm s/rad 4 *

Li=1L» mH 2.5 *

*Unknown value

5.1 Design procedure

To summarize the theoretical analysis in Sects. 3 and 4,
the step-by-step procedures of the NAO-based ANIC
scheme for robotic manipulator can be outlined as fol-
lows:

Fig. 1 Position tracking for

F;=50N

Step 1 Select the environmental stiffness matrix K, =
20001> x> and the environmental position x, = 1.3m.

Step 2 Select the observer gain matrix G = [1201 2,
1201552, 12015217 to make A — GC to be a Hurwitz
matrix and select the parameter y = 0.05.

Step 3 Choose A = 101r« in the free space and
A = diag(0.1, 10) in the contact space in Eq. (42),
respectively. It should be noted that only x direction is
constrained.

Step 4 Select controller gains K.1 = 5001x> in the
virtual control vector a (50) and Ko = 151, in the
control input (64), and the robust term parameters are
set to be p.1 = 20 and p.o = 20 in Egs. (55) and (70),
respectively.

Step 5 Construct the NNs, the detailed structure and
parameters of NNs in observer and controller are
shown in Table 1.

Then, the observer and controller can be obtained
from Theorems 1 and 2, respectively.

5.2 Simulation results

The parameters of the robotic system are shown in
Table 2, where the nominal values are used to facilitate
the nominal controller and the actual values are used to
introduce the uncertainties to test the robustness of the
proposed observer and controller.

The initial conditions are chosen as ¢i(0) =
mw/2rad, ¢2(0) = m/3rad and ¢;(0) = ¢2(0) =
Orad/s. The observed initial conditions are chosen as
g1(0) = @2(0) = 0 rad/s. The desired position

F;=50N

Case 1

1.33

2+ 131

« Desired position @,
----- Observed position z,
—— Actual position =

~nen Desired position y,

0.93 f&.
\\ ----- Observed position y,
2+t 092 Actual position y

A7 38

£

3.7 3.72

Position tracking of x axis(m)
o

time(s)

(a) Position tracking in the x direction
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0 10 20 30

Position tracking of y axis(m)

40 50 0 10 20 30 40 50
time(s)

(b) Position tracking in the y direction
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Fig. 2 Position tracking

Fy=50N

Fy=50 N

’é\ 0.4 ’g 0.1
errors for Case 1 = | | Observed error z, — N Observed error y, — y
@ Actual error z, — x 2 Actual error y, — y
%03 » 0.05
] ]
K] )
oy 02 [ 0 - —
o o
~ -
S o1 S -0.05
—
5 5
=
g 0 ™ T T 8 0.1
= -
= =
2 01 L -0.15
~ 0 10 20 30 40 50 ot 0 10 20 30 40 50
time(s) time(s)

(a) Position error in the z direction

Fig. 3 Velocity tracking

Fy;=50N

(b) Position error in the y direction

F;=50N

’é\ 3 T T —~—~ 06 T T
errors for Case 1 = | |- Observed error &, — & \E/ ----- Observed error ¢, — §
2z 5 —— Actual error &, — & 73] ——Actual error y, —y
" Bo04
]
N <
5 | ‘ L L 5
“ s 0.2
o
5 o 4 4 "
S g Ll i
E = e IR B
D 4 5]
= =i
B S 02
< b=
= 1%}
L o
> 3 A, -04
0 10 20 30 40 50 0 10 20 30 40 50
time(s) time(s)

(a) Velocity error in the x direction

(b) Velocity error in the y direction

Fig. 4 Observed armature 1 Fi=5N ] Fy=50N
current errors for Case 1 2 ‘—Oberved error Iy — ml‘ 2 ‘—Oberved error 1,0, — Lo
= X
€ o5 € osf
L k=3
Y= Y—
o o
s o 5 o
= £
o o
o ko]
2 -osf Q o5t
Q [}
Q 7]
fe] Qo
o ‘ ‘ ‘ o ‘ ‘ ‘ ‘
0 10 20 40 50 0 10 20 30 40 50
time(s) time(s)

(a) Observed armature current

error of joint 1

and velocity of the end-effector are set as X, (¢)
1.6[sin(0.4t — 7/6), sin(0.4¢ 4+ 7/3)]"'m and X, (1)
0.64[cos(0.4t — 1/6), cos(0.4t + /3)] ' m/s, respec-
tively. To show the robustness of the proposed scheme,
the friction term is 7y = [3g; + 0.8sign(341), g2 +
1.1sign(242)]"N/m, the torque and voltage distur-
bances are 14 [—2cos(21), 2sin(7)]T N/m and
U [—0.7 cos(31), 0.5 sin(21)]TV, respectively. In
order to show the performances for tracking the con-
stant force and the time-vary force, two simulation tests

(b) Observed armature current
error of joint 2

are conducted, where the constant force is set to be
F; =[50, 0]TN in Case 1 and the time-varying force
is set to be F; = [50 + 20sin(2¢), 0]TN in Case 2. To
show the system robustness, additional simulation tests
with complex positions and larger disturbance are also
conducted in Case 3. The total simulation time is 50,
and the sample time is 0.001s.

Case 1 Assumed that the desired constant force is
F; = [50, 0]™N and is exerted on the end-effector

@ Springer



1372

J. Peng et al.

Fig. 5 Force tracking and Fy = 50N

Fy=50N

error for Case 1
80+

100
——Force error F; — F,

Desired force Fy

Actual force F,

— z
2 :
© 8
8 sy 50
(e L e}
o 60 o
20 - - o
g )
% 401 5}
@ 0
g 2
o 20f o]
2 g
o +~
= o0 : o 50 : : : :
0 10 20 30 40 50 S 0 10 20 30 40 50
. o .
time(s) = time(s)
(a) Force tracking in the x direction (b) Force error in the x direction
F;=50N 5 Fi=50N
Desired trajectory A
---------- Observed trajectory
2r e Actual trajectory
1 .
~—~
g 0.94
~— 1
> i
0 0.92 i
H
0.9
-1 88 -
28 13 132 134
2 . .
-2 -1 0 1 2 3 time(s)

Fig. 6 Position tracking of end-effector

as x > x, = 1.3 in x direction. Figure la, b shows
the desired, observed and actual positions of the end-
effector in x and y directions of the Cartesian space,
respectively. Figure 2a, b shows the observed and actual
position errors between the desired and actual positions
in x and y directions of the Cartesian space, respec-
tively. Figure 3a, b shows the observed and actual veloc-
ity errors in x and y directions of the Cartesian space,
respectively. Figure 4a, b shows the observed current
errors of joint 1 and joint 2, respectively. Figure Sa
shows the force exerting on the end-effector in x direc-
tion, and Fig. 5b shows the force error in the x direction.
Figure 6 shows the position tracking of the end-effector,
and Fig. 7 shows the weights updating process of neural
networks.

Case 2 The desired time-varying force F; = [50 +
205sin(2¢), 0]TN is also exerted on the end-effector of
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Fig. 7 Weights of neural networks

EDRM to demonstrate the performance of the proposed
NAO-based ANIC scheme. Similar as Case 1, Figs. 8,
9, 10, 11, 12, 13 and 14 show the simulation results,
where the representations of each figure are same as
Figs. 1,2,3,4,5,6and 7.

From the results in Case 1 and Case 2, one can see
that the EDRM can work well both in the free space and
in the contact space. In the free space, the tracking per-
formances of the position (Figs. 1, 8) of the manipulator
can be achieved both in x and y directions. In the con-
tact space, the force tracking performances (Figs. 5, 12)
of the manipulator can be achieved in x direction, and
the position tracking performances can still be ensured
in y direction. And from the position errors (Figs. 2,
9), velocity errors (Figs. 3, 10) and armature current
errors (Figs. 4, 11), itis obvious that the proposed NAO-
based ANIC scheme can achieve the good convergence
speeds with small steady-state errors. In addition, from
Figs. 7 and 14, it can be seen that all the weights of neu-
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Fig. 8 Position tracking for
Case 2

Fig. 9 Position tracking
errors for Case 2

Fig. 10 Velocity tracking
errors for Case 2

ral networks in observer and controller are bounded and

Position tracking of z axis(m)

(a) Position tracking in the z direction

Position error of z axis(m)

Fy =50+ 20 % sin(2t) N

w

1.33

o131

Desired position z,
—-—--Observed position z,
—— Actual position z

o

I
i

o
w

o
)

o
o

o

s
2

20 30 40

time(s)

50

Fy =50+ 20 = sin(2t) N

77777 Observed error z, — =
—— Actual error z, — x

I [T

o

10

20
time(s)

30 40 50

(a) Position error in the z direction

Velocity error of z axis(m)

F; =50+ 20 % sin(2t) N

--—-—Observed error z, — &
—— Actual error &, — &

—

~ \}

10

can converge to the optimal values quickly.

Case 3 To further verify the performances of the pro-
posed method, more complex desired position and
velocity curves are considered as X, (f) = [X,1, X,2]Tm
and X, (1) = [X,1, Xy2]Tm/s, where X, and X,, are
described as Eq. (87), and X +1 and X 2 are described as
Eq. (88). The initial conditions are chosen as g1 (0) =

20 30 40

time(s)

50

(a) Velocity error in the z direction

Position tracking of y axis(m)

Fy =50+ 20 x sin(2t) N

3
003k Desired position y,
’ \’\ —-—--Observed position y,

2 oe —— Actual position y

37 372

1

0

-1

2 | | | |

0 10 20 30 40
time(s)

50

(b) Position tracking in the y direction

Position error of y axis(m)

Fy =50+ 20 * sin(2t) N

0.1
fffff Observed error y, — y
—— Actual error y, —y
0.05
ol - .
-0.05
-0.1
0 10 20 30 40
time(s)

(b) Position error in the y direction

Position error of y axis(m)

F; =50+ 20 * sin(2t) N

50

0.8r —-—-—=Observed error g, — y
——Actual error g, — g

0.6
0.4
0.2 \

0 e e
-0.2
-0.4
-0.6 - - - -

10 20 30 40
time(s)

50

(b) Velocity error in the y direction

m/6rad, q2(0) = 27/7rad, 41(0) = ¢2(0) = Orad/s

and §1(0) = ¢2(0) = 0 rad/s. Also, the desired force

is set to be time-varying Fy; = [50 + 20 sin(2¢), 0]™N
that is same as Case 2. Here, compared with Case 1
and Case2, the larger torque and voltage disturbances
are set as t; = [—5cos(2t), 5sin(7)]"N/m and u, =
[—2 cos(31), sin(2)]TV, respectively. Then, the larger
robust gains are correspondingly chosen as p.; = 30
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Fig. 11 Observed armature .5 Fy =50+ 20 # sin(2t) N s Fy =50 + 20  sin(2t) N
current errors for Case 2 2 ' —— Oberved error 1,1, — ,,,1‘ 2 ’ ——Oberved error 1,9, — I
= 1
= = 1
£ £
9, 9o
‘S ‘c 05
g <
2 2
0] [) 0
) o
2 2
@ S 05
%] (7]
) )
o o
0 10 20 30 40 50 0 10 20 30 40 50
time(s) time(s)
(a) Observed armature current (b) Observed armature current
error of joint 1 error of jOth 2
Fig. 12 Force tracking an Fy =50+ 20 % sin(2t)N — Fy =50+ 20 % sin(2t) N
g orce tracking and = 100 i (2t) = 100 i (2t)
error for Case 2 z Bl -
R —— Actual force F, >
% 80f 1 B
5 8
o : 5 50
o 60F o
0 g
g 40 3
w0 0
£ E
20+ e
g &
g g
= o0 : : : : o 50 : : : :
0 10 20 30 40 50 9 0 10 20 30 40 50
time(s) = time(s)
(a) Force tracking in the x direction (b) Force error in the z direction
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Fig. 13 Position tracking of end-effector

of each figure are also same as Figs. 1, 2, 3,4, 5, 6

and p, = 30. Figures 15, 16, 17, 18, 19, 20 and 21
and 7.

show the simulation results, where the representations
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Fig. 15 Position tracking
for Case 3

Fig. 16 Position tracking
errors for Case 3

Fig. 17 Velocity tracking
errors for Case 3
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Fig. 18 Observed armature Fy =50+ 20 % sin(2t) N Fy =504 20 * sin(2t) N
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Fig. 19 Force tracking and
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Fig. 20 Position tracking of end-effector

Fig. 21 Weights of neural networks

According to the simulation results of Figs. 15 and
20, we can see that the proposed NAO-based ANIC

scheme can achieve the stability of the system under the
complex desired positions and velocities and large dis-
turbances. From Figs. 16, 17, 18 and 19, it can be con-
cluded that the proposed method is still effective and

@ Springer

the stability of the whole system can be achieved with
small steady-state errors even if the large disturbances
and complex desired positions are both occurred. More-
over, from Fig. 21, it can be seen that the weights of the
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neural networks are bounded and can be also converged
to the optimal values in finite time.

From the above results and analysis, the
proposed NAO-based ANIC scheme can efficiently
achieve the satisfied performances of force tracking of
end-effector and the position tracking of the EDRM
system without velocities and armature currents mea-
surement.

6 Conclusions

This paper presents an adaptive neural impedance
control (ANIC) method based on a neuro-adaptive
observer (NAO) for the EDRM, where the joint veloc-
ities of robotic manipulator and the currents of the
driven motors are assumed to be unknown and unmea-
sured. First, an NAO is derived to observe the unknown
states of the robotic system, and the stability of NAO
is also guaranteed and proven by using Lyapunov sta-
bility theory. Second, based on the observed velocities
and currents, an ANIC scheme is proposed based on
the back-stepping technique, where the adaptive NN's
are utilized to approximate the unknown functions and
uncertainties of the EDRM so that the tracking accuracy
of the positions and force is improved, and the robust
terms are utilized to compensate and the approximation
errors of NNs and the external disturbances. Finally, the
simulation tests on a two-link EDRM are conducted
to demonstrate the performances of the proposed
observer-based intelligent compliance control scheme.

As for future work, the proposed method will be
proven experimentally and applied to the real robotic
systems and other electromechanical systems. Further-
more, to enhance the intelligence of the control method,
visual feedback will also be focused to facilitate the
compliance control of robotic systems.
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Appendix A

The proof of Lemma 1.
Taking the derivative of M* with respect to time, we
can obtain,

M* =T "Mo(q)J ' =20 TMo(g)J ' JI~". (89)
Considering C* = J~T (Co(q, q)— Mo(q).l_lJ‘>J_l
and substituting Eq. (89) and C* into Eq. (12), yields
cH(M* —2C")¢

= T[T to(g) T !

27 My (q)I I - 2C*] ¢

— T[T Mo(q) T~ =20 TMo(q)T " J T

. C
- odq, - :
2JT (C (4. 6) — Mo(q)J J) 7 1] ¢

= ¢TI Mo(@)s ™ =207 Cotq. 007 ¢

= T[T (Mola) — 2C0(q. ) 1| ¢
0. ©0)

It means that the matrix M* — 2C* is skew symmetric.
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