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Abstract

A model-free controller for a general class of output feedback nonlinear discrete-time systems is established by action-
critic networks and reinforcement learning with human knowledge based on IF-THEN rules. The action network is
designed by a single input fuzzy-rules emulated network with the set of IF-THEN rules utilized by the relation between
control effort and plant’s output such as IF the output is high THEN the control effort should be reduced. The critic
network is constructed by a multi-input FREN (MiFREN) for estimating an unknown long-term cost function. The set of
IF-THEN rules for MiFREN is defined by the general knowledge of optimization such that IF the quadratic values of
control effort and tracking error are high THEN the cost function should be high. The convergence of tracking error and
bounded external signals can be guaranteed by Lyapunov direct method under general assumptions which are reasonable
for practical plants. A computer simulation system is firstly provided to demonstrate the design method and the perfor-
mance of the proposed controller. Furthermore, an experimental system with the prototype of DC-motor current control is
conducted to show the effectiveness of the control scheme.

Keywords Model-free adaptive control - Reinforcement learning - Nonlinear discrete-time systems - Fuzzy neural

network - DC-motor current control

1 Introduction

Mathematical models of practical plants, in general, are
hardly determined with appropriate accuracy. To design the
controller without a mathematical model of a controlled
plant in discrete-time domain, the model-free adaptive
control schemes have been proposed by using only the set
of input—output data [1-3]. In general, the full-state feed-
back has been required to gain enough information such
that the works of [4] for the linear plant and [5, 6] for
nonlinear systems. On the other hand, the output feedback
control schemes have been less studied than the state
feedback schemes because output feedback controllers
have been much more difficult in many cases [7, 8]. In
order to handle the applications with unknown nonlinear
discrete-time systems and lacking state measurement,
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model-free adaptive controllers based on output feedback
have been developed with the closed-loop stability guar-
antee [9-12]. Nevertheless, the stability analysis is only a
bare minimum requirement for controller designs, but the
optimization of a prescribed cost function is preferred for
several control applications [13-15].

The optimal control schemes based on the concept of
action-critic networks have been proposed to determine the
estimated solution of the Hamilton-Jacobi—Bellman (HJB)
equation [16] within the manner of reinforcement learning
(RL) algorithms [17, 18]. In general, both action and critic
networks have been established by artificial neural net-
works (ANN) when the unknown cost function has been
approximated by a critic-ANN and the solution of control
effort has been obtained by an action-ANN [19, 20]. The
architectures and learning schemes of action-critic net-
works have been proposed such that “neuro dynamic
programming” [21], “adaptive critic design” [22] and
“adaptive dynamic programming” for discrete-time sys-
tems [23] and continuous-time systems [24]. In [25], the
controlled plant has been considered as a gray-box system
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and the action-critic structure has been proposed to design
the adaptive controller with nearly optimization manner
based on RL algorithm. Consideration of approximation
errors, the generalized policy iteration has been developed
in [26]. Both value and policy iterations play an importance
role for solving optimal control problems, but both itera-
tions seem inconvenient for implementation with practical
plants. That motivates us to design the learning algorithm
for both critic and action networks without inner iteration.

Currently, they have a few works for the implementation
of practical systems with action-critic networks and RL
learning because the standard algorithms cannot be directly
applied for time-varying conditions and uncertainties
which are common for application plants [27]. Further-
more, the measurement of full-state variables is generally
required to design controllers and learning algorithms
[28, 29]. Together with the economic reason, output
feedback control schemes are strongly desired for a large
class of practical plants. Recently, the output feedback
controllers based on RL algorithms have been proposed
with the condition of persistent excitation (PE) [30]. The
PE condition is generally required to be satisfied for
adaptive algorithms with stability analysis. In [31], the PE
condition can be relaxed with the ANN control scheme for
nearly optimal regulation scheme, but the controller is
limited for a class of affine nonlinear discrete-time systems.
For a class of non-affine systems, the Q-learning algorithm
based on critic-action networks has been proposed in
[32-34], but it has been emphasized on state-feedback
scheme and regulation problem. For practical perspective,
the output feedback controller will be developed by the
action-critic structure and the online learning algorithm
only.

Fuzzy systems have been successfully utilized for the
presence of robustness and uncertainties of optimal con-
trollers when mathematical models of controlled plants
have been considered as unknown [35]. In [36], fuzzy
hyperbolic model has been developed as an action network
tuned by the internal reinforcement signal for a class of
unknown discrete-time systems, but only the regulation
problem has been discussed. Based on the back-stepping
adaptive control, the uncertainties and unknown systems
have been handled [37, 38], but the full-state feedback has
been required to design controllers. The design of output
feedback controller based on fuzzy systems has been pro-
posed by [39], but this controller has been conducted by a
class of continuous-time systems with unity control gain.
Recently, the controller based on a recurrent-fuzzy neural
network with RL has been proposed by [40] for a class of
nonlinear discrete-time systems, but only the tracking error
has been selected for the reward function of the critic
network.
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In this article, the controlled plant is considered as a
class of non-affine discrete-time systems when the mathe-
matical model is unknown. To design the controller with-
out any model, the model-free adaptive control scheme is
established by an action-critic networks architecture with
RL algorithm. The control signal is generated via an action
network constructed by a single input fuzzy-rules emulated
network (FREN) [41]. The set of IF-THEN rules for FREN
is created by the human knowledge according to the rela-
tion between the control signal and the plant’s output [42]
such that

Action IF Higher output is desired, THEN Larger
control signal is requested.

Within the manner of optimization between the tracking
error and the energy of control signal, a critic network is
established to estimate the long-term cost function. A
multi-input fuzzy-rules emulated network (MiFREN) is
implemented to create a critic network with the set of IF—
THEN rules as

Critic IF Error is big and Control energy is large, THEN
Reward should be low.

This reward can lead to the cost function generated by
MiFREN with the relation such that the lower cost function
can be obtained when the tracking error and the control
energy are tiny. The main contributions of this article are
shortly listed as the followings:

e Unlike other works such that [17, 25, 29, 30, 34],
action-critic schemes have been designed by ANNs
with random weight parameters; in this work, both
action and critic networks are designed by IF-THEN
rules utilized by human knowledge of the controlled
plant and the controller’s actuator that allows the
engineer to design the structure and adjustable param-
eters in the sense of engineering not in the random
aspect.

e The online learning algorithm is developed without
inner policy and value iterations while the convergence
of tracking error and internal signals can be guaranteed.
Unlike a case of event-trigger and sampling time
systems such that [23, 27, 33, 43], the proposed
controller can be utilized for more extensive discrete-
time systems.

e The tracking controller is designed without the trans-
formation of the original systems to be the augmented
system dynamic that allows the proposed controller be
able to be implemented directly for a large class of
practical plants such as the prototype of DC-motor
current control in this work.

The rest of this article is organized as follows. A class on
nonlinear discrete-time systems and problem formulation is
mentioned in Sect. 2. Section 3 introduces the design of
action and critic networks with the concept of IF-THEN
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rules related on the controlled plant’s characteristic. The
learning algorithm is developed in Sect. 4 with conver-
gence analysis for tracking error and internal signals. The
computer simulation system is firstly utilized to demon-
strate the design procedure and the performance of the
proposed controller with a selected nonlinear plant in
Sect. 5.1. Secondly, in Sect. 5.2, the experimental system
with a DC-motor current control is constructed to demon-
strate the effectiveness and the online learning ability
against the nonlinearity and uncertainty terms of practical
systems. Section 6 draws the conclusions.

2 Problem statement: a class of nonlinear
discrete-time systems

The block diagram in Fig. 1 presents our prototyping DC-
motor current control system which has input terminal as
control effort u(k) € R and output terminal as measured
current y(k + 1) € R when k denotes as k™ sampling time
index. The control signal u(k) is a driving voltage gener-
ated by a data-acquisition card (CONTEC® AIO-160802L-
LPE). The motor current y(k+ 1) is measured by the
instrument circuit connected with analog input of AIO-
160802L-LPE. This plant is considered as an unknown
nonlinear system with input u(k) and output y(k + 1). The
mathematical model of this system will not be required to
design our controller and stability analysis. The nonlinear
behavior of this DC-motor driving system can be demon-
strated in Fig. 2 as a V-I curve when input voltage and

Fig. 1 DC-motor current control
configuration

motor current are denoted as control effort u(k) and current
output y(k + 1), respectively. Without any information
about system’s mathematical model, this controlled plant
can be considered as a class of non-affine discrete-time
system and the system dynamic can be formulated as

y(k+1) =folu(k),...,utk —1,),y(k),....y(k = 1)) + d(k),

(1)
when f,(—) is an unknown nonlinear function, /, and /, are
unknown system orders and d(k) is a bounded disturbance
as |d(k)|<df. Let us define y;(k)=T[uk—1)...
u(k —1,)y(k) ...y(k —1,)]", thus the system dynamic (1)
can be rewritten as

yk+1) = fo(u(k), z;(k)) + d(k). (2)

Without loss of generality, the following assumptions are
stated for the nonlinear function f,(—).

Assumption 1 The nonlinear function f,(—) is continuous

with respect to the first argument u(k) or %W is

existed.

Assumption 2 Two constants g,, and g, are existed where

|l 8

0<&n<|""3,0

<gum. 3)

Those assumptions are standard requirements for several
nonlinear discrete-time control schemes. In this work, the
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Fig. 2 V-I characteristic of DC-motor driver system

proposed control scheme will be designed under the con-
ditions that the nonlinear function f,(—) and the boundaries
in (3) are completely unknown. The boundaries in (3) can
be estimated by V-I curve or experimental data. For
example, in this application the estimated value of (3) can
be obtained by the estimated tangent of the curve in Fig. 2
as

20— 0
= =77 9. 4
=15 05 2 ()

The proposed control scheme will be developed to handle
the tracking problem for a class of system in (1) by
adaptive networks and stability analysis in the next section.

3 Action and critic architecture based
on FRENs

In this work, the control scheme is proposed by the concept
of action and critic networks presented by Fig. 3 when an
action network is established by FRENaction or FRENa
and a critic network is created by MiFRENCcritic or
MiFRENCc. The action network or FRENa is designed to
generate the control effort for the controlled plant, and
parameters inside this network are tuned to minimize the
estimated cost function obtained by the critic network or
MiFRENc. The reword function for MiFRENCc is estab-
lished by IF-THEN rules according to the relation of
tracking error and control effort. Two sets of [F-THEN
rules and network architectures will be introduced for both
FRENa and MiFRENCc in the followings subsections.
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Fig. 3 FREN: action and critic networks architecture
3.1 Action network: FRENa

According to the human knowledge related on the con-
trolled plant, the [F-THEN rules can be defined as

“IFe(k) is Positive Large THEN u(k) is Negative Large””’,

when e(k) denotes as the tracking error given by
e(k) = y(k) = r(k), (5)

where r(k) is the desired trajectory. That means the error
determined by (5) is large in positive thus the output
y(k) should be reduced by the large in negative of control effort
u(k). In this work, the set of IF-THEN rules can be defined as

IF e(k) is NL  THEN u; (k) = fpr (k) (ex),
IF e(k) is NM  THEN uy (k) = Bpy (k) tim (k)
IF e(k) is NS THEN u3(k) = Bps (k) pns(ex),
IF e(k) is Z THEN uy (k) = ﬁz(k)uz( k)5

IF e(k) is PS  THEN us(k) = fys(k)ups(ex),
IF e(k) is PM  THEN ug(k) = B (k) ptpwi(ex),
IF e(k) is PL THEN u7(k) = B (k)upy(ex),

The notations of linguistic variables N, P, L, M, S and Z
denote as negative, positive, large, medium, small and
zero, respectively. The nonlinear function pg(e;) is a
membership function and (k) is an adjustable parameter
for linguistic value [J, where [J denotes as linguistic values
such that Negative Large (NL), Negative Medium(NM),...,
Zero(Z), ..., Positive Large(PL) for all using membership
functions. Regarding to the relation of FREN’s computa-
tion [41], the control effort can be obtained by

7
= Z Mi(k)- (6)

To simplify, the control effort can be rewritten as
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u(k) = BL(k)p,(k), (7)  g(k)ea(k) and A, (k) = BT (k) ¢, (k), thus, we obtain

when e(k + 1) = g(k)Aq(k) + da(k)- (16)

B.(k) = [Be (k) Pou (k) /gNL(k)]T’ (8) The error dynamic obtained in (16) indicates the relation
with the difference of ideal and adjustable parameters of

and

B (k) = [ (ex) Hpr, (ek)]T~ )

The network architecture of FRENa is depicted in Fig. 4.
According to the universal function approximation of
FREN [41], it exists the ideal parameter 3, that leads to

w (k) = B da(k) + ea(k), (10)

when &,(k) is the approximation error of FRENa. By using
(2), the error dynamic can be obtained as

etk +1) = f,(u(k), y;(k)) + d(k) — r(k + 1). (11)

Adding and subtracting f,(u*(k), y;(k)) into (11), thus, the
error dynamic can be rewritten as

e(k+1) = fo(u(k), 7 (k) —fo(u* (k), 1:(k)) + d(k).

tim(ex)

(12)

By using mean value theorem and Assumption 1, the error
dynamic (12) can be obtained as

e(k +1) = g(u' (k), 1:(k))[u(k) — u” (k)] + d(k), (13)
where

el 00,7 (0)) = LT, (14)
when (k) € [min{u}, u}, max{u;,u;}]. Substituting
w*(k) with (10) and u(k) with (7) and defining

g(u'(k), x;(k)) = g(k), this, the error dynamic (13) can be

rewritten as

e(k+ 1) = g(k)[By (k) — B] da(k) — g(k)ea(k) + d(k).
(15)

Fig. 4 FRENa network architecture

action network FRENa and its approximation error.
3.2 Critic network: MiFRENc

In order to minimize for both tracking error and control
energy, an infinite-horizon cost function is defined as

Lk = S e () + ()], (17)
i=k

when p and g are positive constants and 0<y; <1 as a
discount factor. Let us rearrange (17) as

L(k) =pe* (k) + qu’ (k)

T S ) + (), (18)

i=k+1

— 1) + 7, Lk + 1),
when [(k) is the local cost function defined by
(k) = pe* (k) + qu* (k). (19)

Let us define & = [e*(k) : u?(k)] as the current states
including the tracking error and the control effort, thus we
have

L(k) = 1(&) + po Lk + 1). (20)

For the closed-loop system with output feedback, it is clear
that the next time index of tracking error is the function of
current control effort and the current control effort is the
function of current tracking error that leads to

G =@k + 1)t u?(k+1)] = T:(&), (21)

when f;(—) is an unknown analytic function. According to
composition of functions, we have

k2 = Tf © fﬁ(ét)éfg(éf)~ (22)
Combination (20-22) and all future steps, it leads us to
L(k) = 1(&) + v.l(Fe(&r)), (23)

where F:(¢,) = fl(&) for j = 1 — oo. Regarding (23), the
cost function in (17) can be estimated by MiFRENc as
L(k). This network has two inputs ¢?(k) and u?(k) and one
output L(k) as Fig. 5. The relation between inputs and

estimated cost function can be established by the set of IF-
THEN rules such that

@ Springer
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“IF ¢*(k) is Large and u*(k) is Large THEN L(k)

(24)
should be Large value.”

This is a strange forward IF-THEN rule to indicate that the
good reward can be obtained when the control system has
less tracking error with lower control effort. Thus, the set
of IF-THEN rules can be defined as

IF ¢2(k) is L and u?(k) is L THEN L, (k) = ., (k) (k),
IF ¢2(k) is L and u?(k) is S THEN Ly(k) = i, (k)p,(k),
IF ¢2(k) is L and u?(k) is Z THEN L3(k) = f5(k)p5(k),
IF ¢2(k) is L and u?(k) is L THEN Ly (k) = Bg; (k)py(k),
IF (k) is L and u?(k) is S THEN Ls(k) = Bg, (k) s (k),
IF (k) is L and u?(k) is Z THEN Le(k) = B3 (k) g (k),
IF (k) is L and u?(k) is L THEN L;(k) = Bz, (k)¢ (k),
IF (k) isL and u?(k) is S THEN Lg(k) = Bz, (k) g (k),
IF (k) is L and u?(k) is Z THEN Lo(k) = Bz3(k) o (k),

when ¢, (k) = HL(Q%)HL(”%)’ Py (k) = ﬂL(e%)Hs(ui) and so
on. The estimated cost function can be obtained as

9
L(k) =" Li(k). (25)
i=1
To simplify, the relation in (25) can be rewritten as
L(k) = B; (k)¢ (k), (26)
when

Fig. 5 MiFRENc network
architecture

@ Springer

B.(k) = [Br (k) Bri(k) B k)], (27)
and
b (k) = [y (k) py(k) by (k)" (28)

The network architecture of MiFRENc is depicted in
Fig. 5. Regarding the universal function approximation of
MIFREN, it exists . such that

L(k) = B:" pe(k) + ec(k), (29)

when &.(k) is the approximation error of MiFRENc. By
adding and subtracting " ¢.(k) on the left hand side of
(26), thus we obtain

L(k) = B (K)o (k) + B . (k), (30)

when f.(k) = pT(k) — . Let us define A.(k)=
[;’Z(k)qﬁc(k), thus, the estimated cost function (30) can be
rewritten as

L(k) = Ac(k) + B ¢ (k). (31)

It us clear that the accuracy of estimated cost function
relates on the learning algorithm of weight parameters f.
The proposed learning algorithms will be developed in the
next section to tune all adjustable parameters inside FRENa
and MiFRENc with convergence analysis.
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4 Learning algorithms and performance
analysis

The learning algorithms are developed for both FRENa and
MiFRENc. To improve the computation complexity
according to the practical systems point of view, in this
work, only the parameters (k) have been tuned by the
proposed learning laws. The performance analysis beside
of the tracking error and external signals is established by
Lyapunov direct method.

4.1 Learning algorithm for FRENa

In this subsection, the learning algorithm is developed for
adjustable parameters of FRENa. To avoid the causality
problem of e(k 4 1) in (16), the error function of FRENa is
given by A,(k) and the estimated function L(k) as

1 .
ea(k) = /g(k)Aa(k) + —=—=L(k). 32
iy .
The cost function of FRENS is given as
Ef(K) = 3 (k). (33)

Based on the gradient reach, the tuning law for f, is
established as

OE, (k)
May B,k
when 77, denotes as the selected learning rate which will be

given next by the main theorem. By using the chain rule,
the partial derivative term can be determined as

ﬁa(k + ]) = ﬁa(k) - (34)

OE,(K) OE, (k) deq(k) OA4(K)
0B (k) Deq(k) OAL(K) OB, (k) (35)
=eq(k)\/g(k) ¢, (k)

Substituting (35) into (34) and using e,(k) in (32), we
obtain

Bo(k+1) = na /g (K) Al

+ mﬁ(k)]v 8(k), (k), (36)

= Ba(k) = alg(k)Aa(k) + L(Kk)] ), (k).

Let us recall the error dynamic (16) and consider to neglect
the disturbance or d,(k) = 0, thus, we obtain

g(k)Aa(k) = e(k +1). (37)

Substituting (37) into (36), the learning law of 5, can be
rewritten as

Balk + 1) = B, (k) = nle(k + 1) + L(k)] o (k). (38)

The unknown nonlinear function g(k) is completely dis-
appeared in the learning law (38), that allows this algo-
rithm is capable for online learning phase of FRENa with
unknown plant’s dynamic equations.

4.2 Learning algorithm for MiFRENc

The learning algorithm to tune parameters inside
MiFRENC is developed in this subsection. Let us define the
error function of MiFRENCc as

ec(k) = OL(k) — L(k — 1) + I(k), (39)

when J is a positive constant which will be discussed next
for the performance analysis. The cost function to be
minimized for tuning f,. is given as

1,

Ec(k) = 5 el(k). (40)

The learning dynamic of f3, is obtained as
OE. (k)

OB (k)’

when 7, denotes as the selected learning rate. By using the

chain rule with E..(k) in (40), e.(k) in (39) and L(k) in (31),
the partial derivative term can be obtained as

(41)

OE.(k) _ OE.(k)dec(k) OL(k)

op.(k) aec( ) L(k) 0p.(k) (42)
=ec(k)od.(k).

The learning dynamic (41) can be obtained as

Pelk+1) = B.(k) = neec(k)od, (k). (43)

Recalling e.(k) in (39) with (43), thus, the learning algo-
rithm for MiFRENCc can be rewritten as

Be(k + 1) = Be(k) = ned[l(k) — Lk — 1) + OL(k)] b (k).
(44)

This is a practical tuning law which will be used to adjust
the parameter f3, as online learning phase.

4.3 Performance analysis

The main theorem is proposed to demonstrate the setting of
controller’s parameters and learning rates to ensure the
closed-loop performance when the tracking error and
internal signals are bounded within defined compact sets.

Theorem 4.1 Consider the nonlinear discrete-time system
described by (1) and let Assumptions 1 and 2 be held. Let
du, 8m» €em»> Py and Lybe existed. Under the control law
in (7) and learning algorithms in (38) and (44), it guar-
antees that the functions A, (k) and A (k) and the tracking
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error e(k) are bounded when designed parameters are
appropriately chosen as the followings:

1
5 < 0<1, (45)
0<n, < Sm (46)
N2gi
and
1

where N, and N, are number of IF-THEN rules of FRENa
and MiFRENCc, respectively. The boundaries of e(k), A, (k)
and A.(k) are obtained as Q,, Q, and Q. when

[1]
N

Q, = . (48)
5-%p
Q,= = (49)
P28m — P18m — g 4
and
Q.= [ (50)
P352 — P4
where

- p p .
Ew = pady, + paiy + g Ba + | g 0= 1)+ 2 | Ly

8 o
(51)
All constants py, p,, ..., py are given as
3
P1 = 3 PP3; (52)
2 P3
P18 T 54
Py > 1M_8p37 (53)
8m
P
p3 > =, (54)
0
and
P3
> —.
P4 4 (55)

Remark In this work, the number of IF-THEN rules is
given as 7 and 9 rules for FRENa and MiFRENCc, respec-
tively. The design of the number of IF-THEN rules is
conducted by the computation complexity, and the results
of simulation and experimental systems will be discussed
by the next section.

Proof By using the Lyapunov direct method, in this work,
the candidate function is given as

@ Springer

vw:mé®+%%®&®
P3 3T /17\ 5 ’ 2 (56)
+ 23 BT (k) BL(K) + pa2(k — 1),

c

V(k) = Vi(k) + Va(k) + V3(k) + Va(k), (57)
when

Vi = pe(k), (58)
V2 = BB, 0) (59)
Vs = B K (60)
and

Vi = pA2(k— 1), (61)

According to the error dynamic in (16), the change of
Lyapunov candidate function Vi (k) can be obtained by

AVi(k) = py [k + 1) — 2(K)],
— 1 [[eR)Aa () + dalK)F = (1)), (62)
< p1[28 (k) AG (k) + 25 (k) — € (k)]

Applying Assumption 2 and the upper bound of the dis-

turbance and the estimation error as d,, when |d, (k)| < dj:
Vk =1,2,..., the relation in (62) can be rewritten as

AVi(k) < = pie® (k) + 2183 AG (k) + 2p1dy. (63)

By using the tuning law in (36), the change of V;(k) can be
expressed as

AVa(k) = 2 [ (k+ DB (K + 1) = B (0B (0)

+ pan,lg(k)Au(k)
+ L) h (k) p(k),
= — 2p,Aa(k)[8(k)Aq(K)] — 2p,Aa(k)L(k)
+ panallpa ()P (g (k) Aa(k) + L(K)].
(64)

With the lower bound and upper bound of g(k) in (3), the
change of V,(k) (64) can be rewritten as
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A2 < = 2pau s (6) ~ 20210
+ oot ()83 A2 (k)
b QIO + 2 OA LR
=02 = &mA20) = (em — I8 (K) P2 A2(K)

)
= 201 = 1l (K) P (WIL(K)
+ i (OIPE2K)],

= P — 8nAZ () = (g — nallba(R)Ig30) [A2(K)
2l LI

2
8 = 1ul 4K 83y
ARCIRAC]
=02 = 8nA2(K) = (gn — /10 (K1 °83)

[1 = 1| (K)|I*g (k)] L( H2
g — Mallda(K)|° 83
[1 —nul\d) (k)|[*g(k))*L? (k)

X || Aq(k) +

—1al194(0) Py
+ nanqsa(kmzﬁ(k)},
= = P28uA2(0) = pa(en — Mk >||2 )

[ = 9O PeIE) |
Au(k .

Bt eI, al
1 - nquba(k)Hzgm r2

+p L= (k).
“on — nallba ()| 3
(65)
It can be simplified as
AVa(k) < — prgm (k) + g—ziz(k) — pa(gm
— Nalla ()| gr) || Aa(k) (66)

+ [1 - 77a||¢a(k)|\2g(k)]£(k) HZ
2 .
gm — NallPa (k)] g

Referring the learning law of f, in (43), the change of
V3(k) can be expressed as

AV () = 1 [k DB+ 1) = BB,

_ Z_ (B (k) — ncdec (k)b (k)] (k)
— nedec(k)g. (k)] — BT (0B (k)]
P [ — 2n.0e. (k) BT (k) b, (k)

c

+ 20 0)l|g®)I ).
= — 2p30Ac(k)ec (k)
+ o311 [ p () |Pe2 k).

By adding and subtracting 6L(k) and L(k — 1) on the left

hand side of the error function (39) for MiFRENc, we
obtain
ec(k) = S[L(K) — L(K)] + OL(K) — [Lk — 1)
= L(k=1)] = L(k — 1) + I(k),
=0[BL (k) (k) — L (k) — ec(K)] + SL(k)
— L(k— 1)+ I(k) — [Bl (k — 1)Fe(k — 1)
— Beobo(k—1) — (k= 1)],
=8[BI (k) — BLIpe(k) — [BL(k — 1)
= Blldelk = 1)+ OL(k) — L(k — 1) + I(k)
— Jec(k) + ec(k — 1),
— O (k)b (K) — BT (k — 1),k — 1) + OL(K)
— Lk — 1)+ I(k) — de.(k) + e.(k — 1).
Regarding to the definition of A.(k), the relation in (68)
can be rewritten as

e.(k) =0A.(k) — Ac(k— 1)+ oL(k) — L(k — 1) 69
+ (k) — de.(k) + e.(k —1). (69)

Let us rearrange (69), thus, we obtain

OA(k) =ec(k) — oL(k) + Ac(k—1)+L(k—1) (70)

— I(k) + Bec(K) — olk — 1),
Substitute (70) into (67), thus, we have
AV (k) = = 2psec(k)[ec(l) = OL(K) + Aclk — 1)
+ Lk — 1) — I(k) 4 dec(k) — ec(k — 1)
+ o387 (B)] 23 k),
== ps |1 = 09 (K| €2K) = psel (k)
+ 2psec(k) {5L(k) Ak —1) = Lk —1)
+ U(k) — b6 (k) + eo(k — 1)],
= — p3 |1 = 1.0 |6 (K) P 2(K)
~ P30 A2(K) + p3 [OL(K) — Ac(k 1)
C Lk — 1) 4 1K) — Seu(K) + ek — 1)]2,
< = ps[1 = 1019 (W) 1P e2 (k)
— 0N + A2k = 1)

P3 2
fl (k) —L(k—1)]

+ % [OL(k)
+ % {5sc(k) —e.(k— l)r.

(71)

Let us define the designed parameter 6 as 0<d <1 and
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recall the local cost function /(k) in (19), thus, the relation
in (71) can be obtained as

AVs(K) < = p3[1 = . |Fell)| ] €2K)
+ BNk = 1) + 2 pe (k)
+ B g k) + 1B 0 bW
+ %[M(k) Lk

- P352A3(k)

1)}2 + P3'93M7
(72)

where |e.(k)| < &2,,. For Vy(k), its first difference can be
obtained as

AVi(K) = ps[A2 (k) = A2(k — 1)]. (73)

Finally, the change of Lyapunov function V(k) is obtained
as

AV < - 50 + N0 + i
= 228G (k) = pagm — gk >||2 )
[ ’10”4)0 || g
Aq(k
’ ‘ ( )+ - ”Ia”(ba H
+ é%Lz(k) - p3[1 — 11(.52||¢(,( )|| }ec( )

— 0 A + A= 1)+ B pe (k)
+ 2B puRI

+ BL0L(0) — Lk = 1) + pacy

+ pa[A2K) — A2k = 1)),

< (BBl

- [ngm plgM——q} A (k)
- [9352_P4}A3( ) — [/74__}/\2( 1)
— palgm — Mallda ()| *g 2] Aq(k)

1~ nllba() P(0)]
 am— il >||gM 2

= p3 |1 =109 ()| €2(K) + Eur.

+ Zan)

(74)

The membership functions of FRENa and MiFRENc are
given by (9) and (28), respectively. It is clear that ¢, (k)
and ¢, (k) are satisfied as the followings

0<¢,(k) <N, (75)

and

@ Springer

0<¢ (k) <N. (76)

According to the designed parameters given by (45)—(47),
constants p;_, satisfied conditions in (52)—(55) and the
relations in (75, 76), the change of Lyapunov function can
be negative semi-define or AV (k) <0 when

le(k)| > [ or—g=C%, (77)
3 3P
|Aa(k)| > =M_____-q, (78)
P28m — P18m — 3 4
and
Ack)] = [—2—=0,. (79)
p30° — py

Thus, the existence of the compact sets (48), (79) can be
encouraged by (77)—(79), respectively. This proof is com-
pleted by the manner of Lyapunov direct method. O

The validation of the proposed control scheme will be
presented in the next section for the computer simulation
system with a non-affine discrete-time system and the
hardware implementation system for DC-motor current
control-plant.

5 Validation results
5.1 Simulation results

The following non-affine discrete-time system with output
feedback plant is used for simulation:

y(k+ 1) = sin(yx) + [5 + cos(yrux ). (80)

The desire trajectory is given as
) k
r(k+1) =A,sin{ o,mn— |, (81)
km

where ky; = 4000 as the maximum time index, Ar =
1.0, , = 16 when 0<k < * and Ar = 2.0, , = 8 when
"TM <k <ky. The designed parameter ¢ is selected as 0 =
0.75 to follow (45). The learning rate of MiFRENc is
designed by (47) as

1

1
0<, < 50 = gy = 0.0219. (82)

Thus, we select the learning rate for MiFRENc as
. = 0.02. For designing the learning rate of FRENa, let us
chose the boundaries g,, and gy as 1 and 2, respectively.
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According to (46), the learning rate of FRENa is designed
as
8Em

0<n, < ——

= ——=10.005.
NggZZW 7222 (83)

Thus, the learning rate for FRENa is given in n, = 0.0025.
The membership settings of FRENa and MiFRENc are
depicted in Figs. 6 and 7, respectively. The setting of
membership functions can be desired by the proper ranges
of e(k), €?(k) and u?(k). In this application, the ranges are
given as [—5,5], [0, 10] and [0, 10] for e(k), ¢*(k) and
u?(k), respectively. The initial setting of adjustable param-
eters f(1) for FRENa and MiFRENC is given as Table 1.

The tracking performance is presented in Fig. 8 for both
the motor current y(k) and the tracking error e(k). The
maximum absolute value of tracking error is |e(k)|,,, =
2.4022 and the average absolute value of tracking error at
steady state is 0.0074 when k = 3000—4000. Figure 9
displays the control effort u(k), and Fig. 10 illustrates the
estimated cost function L(k).

5.2 Experimental results

The DC-motor current control system is constructed to
validate the performance of control scheme. The desired
trajectory is given as

r(k+ 1) = I, sin <w,nk> , (84)
km
where ky = 2000 as the maximum time index, [, =
15[mA], @, = 8 when 0<k < % and I, = 30[mA], o, = 4
when %"4 <k <ky. The designed parameter ¢ is selected as
0 = 0.75 to follow (45). The learning rate of MiFRENC is
designed by (47) as

1
0<py. <

1

Thus, we select the learning rate for MiFRENc as
n, = 0.02.

Remark The learning rate 7, is selected as the same as
simulation case because this learning rate is related only
the network architecture of MiFRENc which is same as the
previous case.

Regarding to the result in (4), let us chose the bound-
aries g, and gy as 10 and 20, respectively. According to
(46), the learning rate of FRENa is designed as

m 10

0<n, < -2 = = 0.00051.
< S a3 (86)

Membership grade

Fig.

Membership grade
Membership grade

u’(k)

Fig. 7 MiFRENc membership functions: simulation case

Table 1 Initial setting f;(1): simulation case

FRENa MiFRENc
Parameter Value Parameter Value
Buc(1) - 05 Brui(1) 1
Bna(1) - 025 Bra(1) 0.7
Bus(1) —0.15 Bis(1) 0.6
Bz(1) 0 Bsi (1) 0.5
Bps(1) 0.15 Bsx(1) 0.4
Beu(1) 0.25 Bs3 (1) 0.3
Bp(1) 0.5 Bz (1) 0.2
Bz (1) 0.1
Bz3(1) 0.1

Thus, we desire to select the learning rate for FRENa as
n, = 0.00025. It is around half of computation result
obtained by (86).
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y(k)
e(k)| 7

-1 0.02)4=

Output: y(k) and Tracking error: e(k)

25 .02
800 1000 1200

0 200 400 600 800 1000 1200 1400 1600 1800 2000
Time index [K]

Fig. 8 Tracking performance y(k) and e(k): simulation case

Remark In this experimental system case, the constants g,
and gy are selected as 10 times because the relation
between output (y(k) : =50 [mA]) and input (u(k):+5
[V]) with value ranges is around 10 times without unit.

The membership settings of FRENa and MiFRENc for
this experimental system are illustrated in Figs. 11 and 12,
respectively when the proper ranges are given in
[-50,50lmA, [0, 10JmA? and [0, 10]V? for e(k), €*(k)
and u?(k), respectively. The initial setting of adjustable pa-
rameters fi5(1) for FRENa and MiFRENc is given as
Table 2.

The tracking performance is represented in Fig. 13 for
both the motor current y(k) and the tracking error e(k). The
maximum absolute value of tracking error is |e(k)| ., =
78.1642 [mA] and the average absolute value of tracking
error at steady state is 0.4817 [mA] when
k = 1500 — 2000. Furthermore, the control effort u(k) and

the estimated cost function L(k) are depicted in Figs. 14

0.15

0.1F
0.05r

-0.05

Control effort: u(k)
o

0.15 = 1
]
0.2 1
-0.02
-0.25 950 1000 1050 1
-0.3 1
-0.35

0 200 400 600 800 1000 1200 1400 1600 1800 2000
Time index [K]

Fig. 9 Control effort u(k): simulation case
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1.2

0.8

0.6

0.4

Estimated cost function

0.2

0 L 1 T L L ! !
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Time index [K]

Fig. 10 Estimated cost function L(k): simulation case

and 15, respectively. In Fig. 13, the large variation of the
tracking error is observed. It is caused by the instant back-
EMF of the motor. For the compensate of this issue, the
controller produces a large variation of the control effort as
depicted in Fig. 14. Thus, this phenomenon leads to a
second peak of L(k) in Fig. 15. The phase plan between
u(k) and e(k) is depicted in Fig. 16 to represent the char-
acter of a large variation with a clear point of view.
Moreover, when the desired trajectory r(k) is changed, the
controller provides a higher amplitude of the armature
voltage depicted in Fig. 14 that leads to increasing of the
cost function (17). Thus, in Fig. 15, the second ripple is
detected because of the increasing of the control energy.

To demonstrate the advantage of the proposed RL
learning algorithm, the second run is tested when the initial
parameters of MiFRENc and FRENa are selected as the
final parameters obtained by the first run. For the second
run, the large variation is compensated as the results
depicted in Fig. 17. The maximum absolute value of
tracking error is |e(k)|,.« = 7-391 [mA] and the average
absolute value of tracking error at steady state is 0.2197
[mA] when k = 1500-2000. Furthermore, the plot in
Fig. 18 indicates the effectiveness of the proposed con-
troller to compensate the large variation occurred in this
plant.

6 Conclusions

An adaptive controller for a class of nonlinear discrete-time
systems has been proposed by action-critic networks
(FRENa and MiFRENCc). Practically, the controller has
only required the parameter gy, which has been directly
estimated by experimental data, when the mathematical
model of controlled plants has been completely omitted.
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Membership grade

Fi

Membership grade

e2(k) : [mA]?

Membership grade

e(k) : [mA]

g. 11 FRENa membership functions: experimental system case

Fig. 12 MiFRENc membership functions: experimental system case

Table 2 Initial setting f;(1): experimental system case

FRENa MiFRENc
Parameter Value Parameter Value
B (1) —35 Bri(1) 1
Bm (1) — 225 Bra(1) 0.7
Bus(1) — 115 Bis(1) 0.6
Bz(1) 0 Bsi (1) 0.5
Bps(1) 115 Bs:(1) 0.4
Beu(1) 2.25 Bs3 (1) 0.3
Bp.(1) 3.5 Bz (1) 0.2
Bz (1) 0.2
Bz3(1) 0.1

80

y(k)
60 - Large tracking error e(k) ||
40 + R

-40 ]
=60 : Causing the second ripple b
_80 ! ! !

0 500 1000 1500 2000

Motor current:y(k) [mA] and Tracking error:e(k) [mA]

Time index [K]

Fig. 13 Tracking performance y(k) and e(k): experimental system

FRENa and MiFRENCc, respectively. The online learning
algorithm of two networks has been developed to tune all
adjustable parameters by RL manner. The theoretical
analysis has been conducted by the Lyapunov method to
guarantee the convergence of tracking error and internal
signals. The numerical system based on computer simula-
tion has demonstrated the effectiveness of the proposed
controller and the convergence of error signal. The
experimental system with DC-motor current control has
been established by our prototyping product. The controller
design has been conducted by using only the V-I charac-
teristic curve obtained by the standard testing process. The
results have represented the satisfied performance of con-
trol scheme such that a superior tracking performance and a
compensation of large variation occurred by unknown
nonlinear terms of controlled plant.

Large control effort

Control effort:u(k)[V]
o

Causing the second ripple

Two sets of IF-THEN rules have been created according to
the human knowledge of controlled plant and the opti-
mization manner of tracking error and control energy for

0 500 1000
Time index [K]

1500 2000

Fig. 14 Control effort u(k): experimental system
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£ 0.01
g 04 0.005 1
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0.2 retrippie 1000 1200A 1400 1600 1
/Second ripple
O L L - L
0 500 1000 1500 2000
Time index [K]
Fig. 15 Estimated cost function ﬁ(k): experimental system
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16 u(k) and e(k): experimental system

y(k)

Motor current:y(k) [mA] and Tracking error:e(k) [mA]

)
Q

@ Springer

500 1000 1500 2000
Time index [k]

. 17 Tracking performance y(k) and e(k): second run

R ¢ Starting point

u(k) [V]

-80 -60 -40 -20 0 20 40 60 80
e(k) [mA]

Fig. 18 u(k) and e(k): second run

Unlike other RL controllers, in this work, the critic
network has been designed directly by using the set of IF—
THEN rules from the human knowledge of the controlled
plant. To emphasize this advantage, the research based on
nonholonomic systems with this proposed scheme is our
future investigating theme.
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