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SUMMARY

A new stable adaptive controller based on a neural network for underactuated systems is proposed
in this paper. The control scheme has been developed for two underactuated systems as examples.
The Furuta pendulum and the Inertia Wheel Pendulum (IWP) have been examined in this paper.
The presented approach aims to address the control problem of the given system in swing up, stabi-
lization, and disturbance rejection. To avoid oscillations, two adaptive neural networks (ANNs) are
implemented. The first one is used to approximate the equivalent control online and the second one
to minimize the oscillations.

KEYWORDS: Adaptive neural network; Oscillation compensation; Rotary inverted pendulum;
Furuta; Inertia wheel pendulum.

1. Introduction

The nonlinearity of robot dynamics makes the analysis even more complex and difficult than the
control of linear dynamic systems. Until now, various approaches are proposed for the control
of the uncertain systems, for example, the adaptive control adaptive control,'* variable structure
sliding (VSS) control,*® and robust control.”-® Robust control methods have been widely studied
and employed in many applications such as robotics, vehicles, vibrational systems, electrical sys-
tems, aerospace. These methods are effective in handling uncertainty and disturbance to preserve
the closed-loop performance. In the presence of uncertainties, we need a robust control method
to achieve the desired performance. The goal of robust control is to overcome the imperfection of
models including uncertainties and external disturbances.

It has been shown that multi-layer neural networks (NN) can approximate any continuous function
as accurately as possible. Based on this universal approximation property, many important adaptive
neural network-based control schemes have been developed to solve highly nonlinear control
problems including many industrial applications for the tracking control of robot manipulators with
uncertainties.” ' The adaptive neural network has been applied to achieve control goals due to
their approximation property, and the sliding surface brings us robustness property. Regarding the
stabilization problem, neural networks have been used in various pendulum-type systems.'!:!> The
robustness property of neural networks has been demonstrated using either real-time experiments
or numerical simulations. In,'? adaptive neural network control for unknown nonlinear systems
was proposed. The approach was applied to a car pendulum, therein providing tracking of the
pendulum without considering the cart’s position. In,'* a dynamic Takagi-Sugeno—Kang-type, radial
basis function-based neural fuzzy system was proposed for online estimation of an ideal controller.
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Fig. 1. The Furuta pendulum (left) and IWP (right) systems.

Although the controller can solve a tracking problem, it was applied to the stabilization of the
cart-pole system; however, similar to,!3 the boundedness of the cart position was not shown. In, a
method based on neural networks with output feedback control was applied to address the tracking
problem for a spherical inverted pendulum.

The inertia wheel pendulum is a benchmark for nonlinear control of underactuated mechanical
systems.!® This mechanical system consists of a physical pendulum with a symmetric disk attached
to the tip, which is free to spin about an axis parallel to the axis of the rotation of the pendulum.
Underactuated nature occurs because it has two DOFs and only one actuator located at the disc.
The Furuta pendulum is a two-degree-of-freedom system with only one actuator. This is an inverted
pendulum, classified as a nonlinear, non-minimum phase, and underactuated system. The structure
is composed of an arm, attached to a motor, rotating in the horizontal plane. At the end of the arm, a
pendulum is attached with a free rotational movement in the vertical plane.

Stabilization of a Furuta pendulum has been considered as an active research area to control
the engineers’ system. The rotary inverted pendulum is a popular testbed for the class of under-
actuated mechanical systems. Early researches on rotary inverted pendulum were motivated by
the need to design controllers to balance the rockets during a vertical takeoff.!” Nevertheless,
the control algorithm developed for a rotating pendulum system can be easily extended for any
other two-degrees-of-freedom unstable underactuated system (e.g., Acrobot, pendubot, inertia wheel
pendulum, cart-pole, etc.).'®

The motion control of such systems becomes difficult because the control of the overall system
should be achieved from the actuated joints to the non-actuated joints.'” Moreover, the presence of
extraneous disturbance in the system has made the control design more complicated.

The rotary inverted pendulum (Fig. 1 left), which was first introduced by Furuta et al.,”® contains
well-known underactuated dynamics and many reports can be found about its stabilization. Most of
the controls of the rotary inverted pendulum fall into one of the several categories. For example, some
have considered the problem of stabilizing the pendulum around the unstable vertical position.?!=2
Some swung the pendulum from its hanging position to its upright vertical position.?6=>° Some tried
to create oscillations around its unstable vertical position*3! and some tried to track the trajectory of
the arm while the pendulum is in the upright vertical position.'®3? Therefore, three classical control
objectives have been discussed in the literature as follows: (1) swing up, (2) stabilization, and (3)
trajectory tracking. This study aims to consider the control problem of swing up the pendulum to its
upright vertical position and to stabilize the pendulum around that point.

Several robust controllers were proposed for dealing with uncertainties and disturbances in the
underactuated systems. Yu et al.>* proposed a robust controller to stabilize the Furuta pendulum under
bounded perturbation. Khanesar et al.>* used a fuzzy sliding controller to drive a rotary inverted
pendulum to the vertical position subject to compensate bounded uncertainties and disturbances.
Park et al.!! presented a swing up and stabilization control with coupled sliding mode control. In,*
an adaptive RBF network-based NN controller has been proposed, which combines the SMC robust
compensator to control problems for a two-link robot manipulator. In,>' an adaptive controller has
been proposed to balance a rotary inverted pendulum with time-varying uncertainties, and finally in,"’
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the tracking control of pendulum-type systems has been discussed using neural networks. In these
approaches, oscillations in outputs or control input signals have not been eliminated, and strong
fluctuations exist in control input signals when putting the system in an unstable situation in addition
to the high energy consumption. Some have steady-state errors or more fluctuations when the external
disturbance has been disappeared.

In this paper, the control input has been smoothed in a steady-state mode using a new approach,
and the oscillation of the system has been eliminated in which by using filtered tracking error and
a new scheme of adaptive neural network algorithm. Removing discontinuity terms in control law
and using a dual neural network make a fast adaptation while reasonable control input is needed.
The robustness of the system has been demonstrated by applying external disturbance to drive out
the system from the equilibrium position. A fuzzy technique has been presented to increase the
effectiveness of the controller to stabilize the system in bigger deviations of the pendulum from the
0 angle up to 60°. The results show that the novel dual adaptive neural network controller performs
well while the dynamic model of the system is not needed to design the controller. Finally, the results
have been compared with previous works to highlight the controller improvement with the newly
presented scheme.

The main contributions are as follows:

1. Introducing a new filtered tracking error for stabilizing the pendulum and keep the arm stable with
the zero velocity.

2. Proposing a new fuzzy system that helps to increase the generality of the algorithm for various
initial conditions.

3. Proposing a new adaptive control scheme with the fuzzy technique for an underactuated system
based on dual neural network

4. Introducing new weight adaptation laws for the second neural network based on the
e-modification technique and introducing a pseudo-sigmoid activation function in the corrective
controller to compensate for the fluctuations.

2. System Dynamics
The dynamic model of the underactuated robotic system in Euler—Lagrange form can be written as

M(q)§+C(q.4)4+Glg)=U, ey

where g =[q0 ¢ 1" € R?*! is a vector of the states, M (q) € R**2 is the symmetric positive definite
mass matrix, C(g, ¢) € R?>*? is the Coriolis and centrifugal force matrix, G(q) e R?*! is the gravity

effect, and U =[u O]T € R?>*! is the control input vector. It is assumed that the g is controlled
directly and the ¢, is controlled indirectly, which causes the underactuated system.

If ga =190, q1, ]T € R**! is a desired trajectory vector that is physical, twice differentiable,
bounded, and slowly varying signal then the error is defined as in (2).

€0 =4qo, — 40,
€1 =41, — 41, (2)
lgal, Iga @Il lga @Il < ¢, (3)

where in (3), ¢ is a positive constant.

Dynamic model of the system in (1) can be written in the following form:!°

d )

E%:fio,

d .

E%:fo-i-gou,

d )

EQ] :qh

d .

7= Si+ g 4)
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The system given by (4) can be written in terms of the tracking error (2) as follows:

€0 = 4o, — 4o- (5)
€0 = qo, — fo — &ou, (6)
e1=4q1, — 41, (7
é1=q1, — fi — gu, (8)

which describes the open-loop system with ¢;, =0, g;, =0. Here, it is important to introduce a
proper function for error to gain the control goal. Then, we propose an output function r(¢) € R as a
filtered tracking error given by

r=eéo+é; + rey, C))
where A > 0 is a positive definite design parameter. By computing its time derivative, one can obtain
F=¢€y+ ¢+ Aeé (10)
substituting (6) and (8) into (10) and simplifying
F=do, — fo— gou — fi — g1u — g1 = F — Gu, (11)
where
F =go, —*q1 — fo— f1,
G=g0+¢&- (12)
Equation (11) can also be rewritten as
rF

It is assumed the function G (q) is strictly positive, bounded, and continuous such that

1| G

e L (14)

where 1 is a positive constant value.'”
A two-layer neural network can estimate any nonlinear, continuous, and unknown function.’
Now, according to the universal approximation property of NN, there is a two-layer NN such that:

6

ng(x) =W'o (V'x) +e, (15)

which V, W are the NN weights, o is a sigmoid activation function, x is the input vector of the neural
network and the approximation error € bounded on a compact set by

el < en.

Now, let an NN estimate of f(x) be given by

f(x) =W'o (VTx> , (16)

where V, W are the matrix of input and output NN weights, respectively, which should be specified
given the tuning algorithm. Note that V, W are estimates of the ideal weight values.

The problem is to define a control law that can estimate the system dynamics and robust enough
to compensate for disturbances while reaching the control goal. Handling wide ranges of the initial
positions of the pendulum and oscillation compensation is another goal for the control system.
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3. Controller Structure

In this section, SHL Networks will perform the approximation of the corresponding command.
According to the universal approximation theory, the neural network of the SHL type can estimate
any nonlinear, continuous, unknown function.?® Due to the iterative nature of the neural network’s
training mechanism and due to the high order of complexity of the dynamic model, the neural
network may take a relatively long time to converge, which may lead to unstable dynamics or unsat-
isfactory performance. Henceforth, a robustifying term F,, corresponding to a PD controller, which
injects damping into the system, is introduced.

F, =K,r (17)

with K, being a positive constant gain. So a novel adaptive neural network-based controller is
proposed by the following expression:

U:U*+Ucor’ (18)
U =Wo (VTx) T K, (19)

where U™ is the equivalent controller which contains SHL neural network and F,. The U,,, is the
ideal corrective control that will be presented in the next section.

The optimal weight matrices \7, W are unknown, and it is necessary to estimate them by an
adaptation mechanism so that the output feedback control law can be realized. The matrices W and
V are the estimation of W and V, respectively.

Assumption. On any compact subset of R”, the ideal NN weights are bounded so that [|W||z <
W VI <Vu. with: Wyand V, are unknown positive constants, ||.||» the Frobenius norm and
the weight deviations or weight estimation errors are defined as

V=V-V W=W-W.
Define the hidden layer output error for a given x as
5:0—&EU(VTX)—G<\7TX>. (20)

The Taylor series expansion of o (x) for a given x may be written as

o(Vix)=0 (XA/Tx> +o’ <\7Tx> vix + 0(\7Tx>2 1)
with
G d(;f) - (22)

The Jacobian matrix and O (z)? denotes terms of order two. Denoting 6’ = U’(VTx), we have®’
N ~ 2 - o \2
8’=0<er) Vix+ 0<VTx> =6Vix+ O(VTx> ) (23)

E-modification technique is usually used in robust adaptive control, which is applied for improving
the robustness of the controller in the presence of the NN approximation error.’® Hence, the weight
adaptation laws based on e-modification technique has been provided by>’

W=F,(6r" = klrlW),

V=F,r"W'é —k|r|V) (24)

with F,, > 0, F, > 0 are the adaptive gains and k is a positive constant. Then the tracking error r(z)
approaches to zero with ¢, and the weight estimates V, W are bounded.
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Fig. 2. The second network to estimate the correction term.

3.1. Corrective control

In this section, we have used two techniques to improve the control approach. The first one helps to
compensate for oscillations and the second one extends the control ability of the pendulum in bigger
deviations from the stable vertical position. Using the sign function to correct the controller makes
some oscillations in the steady-state mode that occurs because of discontinuity. Especially when an
external disturbance is applied to the system, it will be more dangerous. To eliminate the chattering
phenomenon, corrective control is designed. We propose a continuous function Z(.) given by

2= 12 (25)
X)) = —————.
1+e 2
Therefore, the ideal expression of the corrective term will be:
U = BZ(c"x°), (26)

where the gain B and o =[ A A2 ]T present the ideal output layer and hidden layer weights, respec-

tively, x* =[e; €; ]T is the input vector, and Z (.) is the activation function defined in Eq. (25). The
second neural network which is shown in Fig. 2 is added to the control scheme. The purpose here is
to estimate the ideal corrective term.

The output of this network is represented by

U, =BZ(& x%) +e., 27)

cor

where B and & are the estimation of B and «, respectively, and &, is the reconstruction error. The
weights B and o are unknown, so it is judicious to find a way of adapting them. Therefore, the real
estimate of the corrective term by the ANN presented in Fig. 2 has the following structure:

Ueor = BZ(&"x°) . (28)
The Taylor series expansion of the corrective term for estimation error is given by

Uer =BZ —BZ=BZ+BZ=BZ+ BZ&"x* + w,, (29)

where B=B — B, @ =a — @& are the error parameters. The term W, presents the approximation
error given by

we =g+ BZ'a"x* + BO@G x°)". (30)

Assumption. H W, || <W,, W, is an unknown positive constant and || B|| < By, llo|lf < a,, with
o, and B, are unknown positive constants. The proposed adaptation laws for adjusting weights are
given by the following equations that will be proofed by the Lyapunov function in (40).

~—

alx)r,

Q) -

=FpZ (
—F, (xereé2’+ka Ir| (a—&)), G1)
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Fig. 3. Control system structure.

where r, = é; + ey, Fp = Fg >0, F, = FD[T > 0, k, > 0. The vector « is selected as follows:

=gtz 1] poe>0. (32)

where X < , , X, is a positive constant. The structure of the controller is shown in Fig. 3.

To increase the generality of the adaptive controller in the various initial angle of the pendulum, a
fuzzy technique has been developed. According to the defined filtered tracking error, the derivative
of the controllable variable é, has been considered to stable the whole system after reaching the
pendulum to the desired position, but it limits the maximum initial deviation of the pendulum from
zero. Therefore a fuzzy function has been proposed to eliminate the éy when the ¢, is bigger than 15°.

1

Fruz =1~ 1 4 e(5=Ixh"

(33)

Leveraging this technique, the controller able to handle a bigger domain of the initial position of
the pendulum. The evaluation results have been shown in the simulation part. It is noticed that this
technique has been used only for the Furuta robot because the IWP can be stabilized even when the
pendulum is near to the lowest position of about 180°.

3.2. Error system dynamics
The control input from (18), (19), (28) is defined as

U=W'o (V7x)+Kor + BZ(&"x) (34)
Using the control law (34), the closed-loop filtered error dynamics becomes

S=—K.r+ Wo (Vix) = Wo (V7 x) = BZ(&x) +e. (35)
Adding and subtracting W16 yields

é:—erJr Wi+ WIG—B2+e (36)

moreover, now adding and subtracting W'5, BZ yields
é:-er+WTa+ W's+ WIS +BZ+BZ—BZ+e¢. (37)

The key step here is the use of the Taylor series approximation for &, V4 according to which the
closed-loop error system is

F YTa L WT A OTe L BY 4 B
E:—er—{— Wio+ W' 6 Vix+BZ+ BZ'&x¢ 4+ wy, (38)
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where the disturbance terms are
wi=W6VIix —BZ4w,+ WOV x)+e. (39)

As seen, the convergence of “r” to zero implies convergence of the tracking error and its derivative
to zero. So, the objective of control is summarized in the synthesis of a control law that allows the
convergence of the filtered error to zero.>’ Let the desired trajectory g, () be bounded by g,. Assume
the disturbance term w; in (38) equals zero.

Proof. Define the Lyapunov function candidate

USRI DN (At R Y PP S BN PYSNENIES S GO
L= 3¢ 5zr{WTFw IW}—I—Etr{VTFU IV}—i—Etr{BTFBlB}—i—ztr{ocTFo(la}. (40)

Differentiating yields

, 2 1G - L - L - L - N
i :ré - Earz—}—tr{WTFw_lW} + | VTRV o BT B 4 (& FE) @D

Whence substitution from (38) (with w; = 0) yields

. 1G - L ~ : .
L=—K" = S5+ tr{WT<Fw*‘ W+ 6rT)} n zr{vT(F,;1 % +erWT8>}

+tr{ET(FEI§—rT2)}+tr{&T (F;l&ererTéé)}. (42)

Since W =W — W, the W is constant, so dd—‘i; = —dW/dt (as for V, B, and ) the tuning rules from
(31), (24) yield

L=—Kp2— %%ﬂ + | W (kW) L+ o 07 (k1 0) | 0 BT 200 = 70|

+tr{&T<x31§2 (r —r0) — ka |1 (a—&))}, 43)
L=—K,r?— %%ﬂ e tr{WT(W - W)} e zr{fﬂ(v - v)}
+tr{BT2(r - re)} + tr{&T(xeéz (r —12) — ko Ire (&—&))} . (44)

Define the matrix of all the NN weights as

w 0
TE[O V] (45)

Assumption. On any compact subset of R”, the ideal NN weights are bounded so that
ITllF<Ts

with T known and || - || » the Frobenius norm. Then

. 1G . . A aa
L=—K,r? =S+l tr{TT (T—T)}—i—(r—re) tr{BTZ+ o<TxeBZ}

— ko Ire| tr{@ — )} . (46)
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Since rr{TT(T — T)} <\ FUIAITI s = I 5 there results the following:?

L= K, Wl = 5 + k1T (T = 170 ) + = r | BT 24 7082
ko I rl(@ @)

b=l K, 1l = 3 = k(17 = D) 4Kl D>+ =y or| BT 2 4 &7xB2)
— ko |re| tr{(@ — @)},

, 16, - 2 5 _ o2, i
L=—Z—r —k||r||.<||Z||F—D> — Il (K llrll = kD7) — | Wy + ko=, + ko IS | Irel

- 2G?
; 1G , % : 2 = G, 2
L=—gr —klrl -(”ZHF - D) — Pl (K Il = kD7) = { W + ko= | [rel = koc [rel o6,
(47)
where D = % Suppose that k > 0, using the inequality in (14) the first term is negative, then we

prove that the Lyapunov first-time derivative becomes negative if:

2

7l > ——m

v

Then we prove that the Lyapunov first-time derivative will be:

L <0,

which guarantees the stability of closed-loop system.'?3637

4. Simulation Studies and Performance Comparison

The simulation results are introduced to make it possible to see the operation of the proposed dual
adaptive neuro controller and its performance in disturbance rejection. Two underactuated systems
that are described, have been evaluated and the results of the swing up the pendulum and disturbance
rejection tests are introduced. For robot Furuta, a simulation comparison wherein two controllers
are compared with the new controller is performed. For IWP, the proposed approach has been
compared with another free model approach, which is called the Adaptive Fuzzy Sliding mode
controller (AFSMC) which is developed in.>* The model parameters are briefly described, and the
controllers used in the comparison are introduced. The dynamic model of the Furuta pendulum in
Euler-Lagrange form**#! can be written as (1), where

M(q): _IO—I—ml(L%—l-lfsinqu ) mlllLoCOSql
mlllL()COSC]1 Jl —|—m1112
Cla.d) [ Imil3sin(lg)gr —miliLosingy g1 + my3sin (241)go
q.9) = . . )
_—%mll%sm (291)q0 0

G(q) i 0 U !
a4 __—mlgllsinql ' B 0

and the dynamic model of the Inertia Wheel pendulum (IWP) in Euler-Lagrange form** can be
written as (1), where

Iy Iy

, Clq,9)=0,
mil2 +moli + 1 + Iy 10:|

M(q)=[
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Table I. The model parameters.

The Furuta Pendulum The Inertia Wheel Pendulum
Iy: Inertia of the arm I,: Moment of inertia of the pendulum
Ly: Total length of the arm Iy: Moment of inertia of the disc
m: Mass of the pendulum m: Mass of the pendulum
[,: Distance to the center of mass of the pendulum mo: Mass of the disc
Jp: Inertia of the pendulum around its center of mass  [.;: Distance at the center of mass of the pendulum
qo: Rotational angle of the arm [1: Length of the pendulum
¢1: Rotational angle of the pendulum qo: Joint position of the disc
u: Input torque applied on the arm q1: Joint position of the pendulum
g: The gravity u: Input torque applied on the disc
— (m lc1 + mogl 1 sin 1
G(q):{ (mig Oog) q] U:[g]

The coordinate system and notations are described in Fig. 1 and Table I:

4.1. Controllers used in the comparison

A simulation study to assess the performance of the new controller (34) has been performed.
Specifically, a linear controller and the adaptive neural network schemes in** and*?> were imple-
mented in real time. The schemes in'®3>%3 have an adaptive neural network component and a linear
PD or PID component. In addition, in,'? there is a nonlinear term that eliminates the adaptation error
introduced by the neural network but that discontinues term introduces some fluctuations specifically
when the disturbance happens. In the proposed controller, the second adaptive neural network has
been used to eliminate the oscillation and the adaptation error. Also in disturbance investigation, the
external disturbance should be applied on the pendulum to observe the ability of the controller to
keep it stable while in some of the previous works, it has been applied as a torque summation in the
control input of the first link. In,'” the initial angle of the pendulum has been defined as zero, while
here we propose different nonzero initial angles to highlight the ability of the proposed scheme to
swing up ,and also the robustness against external disturbances has been confirmed. It is important
to observe that the proposed adaptation laws (24), (31) of the new scheme (34) are derived such that
the time derivative of the Lyapunov function L in (40) is negative, and some of the other schemes use
the backpropagation adaptation without any motivation given by the closed-loop system analysis.

The adaptive neural network controller proposed by J. Moreno!? is given by

t=-Wlo(VIx) —k,y — 8 sign(y), (48)

where the constants k,, and ¢ are positive, V is the matrix of estimated input weights, and W is a
vector of the estimated output weights. Output function y(¢) is given by

y=é1+ Are; +ér+ Nqe, (49)

where A =3, A, =8 are positive constants and k, = 1.05, § = 0.035. The number of neurons in the
hidden layer was L = 10. The adaptation laws were implemented with o = 1, N =1.05, and R = 8.53.
The weights of the neural network were initialized to zero. It is worth mentioning that the presented
approach by Moreno has been compared with the PID algorithm, and the results show the superiority
of Moreno’s approach to the PID algorithm. So the PID has not been discussed in this paper.

In tl;g: tests, we also consider the adaptive neural network controller proposed by Chaoui and
Sicard.

TZTNN+]€DS (50)

where Ty is the output of a two-layer neural network, six neurons in the hidden layer, and one neuron
for the output layer, whose input and output weights are obtained by the backpropagation algorithm,
which minimizes the signal s given by

s=[1=Al[e1 + Vel + A [éx + vaerl (51)
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Table II. Dynamic system parameters.

Furuta IWP

mo=990gr lhy=55cm my=300gr Dy=3.8cm
my=225gr 1L =25cm m;=60gr [ =145cm

Table III. Controller parameters.

Furuta IWP

F,=100 Fp=5 B, W, V=0 F,=20 Fz=5 B, W,V=0
F,=50 F,=2 A =0 F,=50 F,=2 A =0
k=1 ky=1 =0 k=1 ko =1 A=0

with O <A < LY, ¥ >0, and kp > 0. Specifically, (50) was implemented with A =0.5,
Y1 =20, ¥, =30, and kp = 1.757. The details regarding the controllers (48) and (50) can be found
in'? and,*? respectively. The adaptive fuzzy sliding mode controller is extended for underactuated
systems and proposed in.*

u :ﬁf'“ _|_urb’

u'l = diag(ﬁ) sgn(S), (52)
S =kiéjcos(e;) + ko sin (ey),

F=alS|. (53)

where /%% is the output of fuzzy system to approximate the ideal controller and u’” is employed to
compensate the difference between the fuzzy controller and the ideal one. k; =0.02, k, =0.6, ¢ =3
are preselected positive values.

4.2. Simulation

The simulations have been conducted on a MATLAB® Simulink and the dynamic models have been
modeled by the SimMechanics toolbox and all the dynamic parameters and the gravity have been
considered as well. The initial conditions and the actual values of the system parameters for both the
examples are defined in Table II.

For the proposed controller, the number of neurons in the hidden layer is 7, and the initial values
for W and V are assumed to be 0. Determining the number of hidden layer neurons required for the
best approximation is an open problem for general fully connected two-layer NN.3” To achieve an
appropriate response, the number of 3—11 hidden layers are defined by the trial-and-error approach.

The adaptive coefficients of (24) and (31) and the initial values of weights for both control systems
are defined in Table III.

To stabilize the system, the arm velocity in robot Furuta and the rotation velocity of the wheel in
IWP should also be controlled, so by defining the zero as a desired speed of the arm and the wheel, a
stable system has been achieved, although for IWP, the priority of the control approach is stabilizing
the pendulum and the wheel velocity could be sacrificed for stabilizing the pendulum. Therefore, the
state variables are considered as follows:

X =[e1 €1 €raeay €0 €],
€0 = {40desired — 490>

€1 =1 desired — 491+ (54)

In this paper, a simple delayed signal, €14./4y, is considered in order to consider the dependency of the
controller output on past inputs beside the current inputs. In principle, multiple delayed signals can
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Table IV. Quantification of results.

Sicard Moreno New
Max {|e;(t)|} [deg.], 5<t<10  9.9816 7.9396e-7 7.9127 -8
Max {le;(t)|} [deg.], 2<t<10 24.9321 0.0316 0.0144
RMS {ey(1)} [deg.] 14.4649 5.5332 4.1394
RMS {U(t)}[Nm] 4.0401 142.2150 3.9859
Settling time g1 (1) (2%) [s] 14.28 1.125 1.024
60
[ — = —Sicar %0 T
g 40 + |=mem—— f/lore:o o .“ .7 T~ N = = —Sicard
e o 1 New o H
= Byoin A= ]
R S L A P
= Vi@l \ N ie]
2 \ g\ !y g A ] LN ~ %
ch 0 vy )y, Mo M n?
€ v ‘/I ~
%—20 ' L S I N > 5
2l T 3
* Py — : &)‘50 : : : : : o
o 2 4 6 8 10 0 0.2 04 06 08 1 12

t (sec) t (sec)

Fig. 4. The angle of pendulum position in comparison with other implemented controllers and the magnified
part of it.

be used, but here only one simple delayed signal is introduced. According to Eq. (24), its parameters
are calculated as follows:

1
= . 55
o (x) e (55)
Then, o’ (x) is calculated as follows:37-4+43
o(x)=o0(x)o(—x). (56)

4.3. Simulation results for the robot Furuta

In this section, the results are presented. For simplicity, the proposed controller in (34) is labeled as
“new”, the neural network controller proposed by'” in (48) is labeled as “Moreno” and the neural net-
work controller introduced by*? in (50) is labeled as “Sicard.”. The results of the three implemented
controllers to reach the inverted pendulum from 44° (as the biggest initial position of the pendulum
in which all the approaches work) to the vertical position without external disturbances have been
shown in Figs. 4 and 5. The maximum absolute value of the pendulum position error and Root Mean
Square RMS) value of the error and the control input have been compared in Table IV. The settling
time has been defined when the signal crosses into and remains in the 2% tolerance region around
the state level. In maximum error quantification, the first time interval is considered after 5s when
the pendulum is in a stable position, and the maximum of the error has been highlighted. The second
time interval (2<t<10) shows the ability of the proposed approach to reach a stable position in a
shorter time.

Figure 4 shows that, in a very short time, the controller can adapt to parameters with a completely
unknown model for the controller, and control the underactuated system well. The velocity of the
arm is going to zero while there is no oscillation (Fig. 5). The first second of the diagrams have been
magnified to highlight the performance of the proposed controller in comparison with others. The
fast adaptation, less oscillation in pendulum position, and arm velocity are the advantages of the new
controller. Table IV presents a quantification of the results obtained during the tests, therein showing
a comparison of the maximum absolute value of the error e, (¢), the RMS value of the error e (),
control input U (¢), and the settling time for each algorithm. Better performance is obtained with the
new controller because the index RMS{e(t), U(t)}, the settling time, and the maximum absolute of
the error are the lowest.
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Table V. Quantification of error with external disturbance.

Sicard  Moreno New

RMS error (deg.) 21.2531  8.4024  6.1720

300

200 *
»
~
o
@© 100 i
=
2> 0.05 0.1 0.15 0.2 0.25
‘© 0 =——
o
2
= -100 = = =Sicard )
=y - Moreno
<_200 New i

_300 1 1 Il Il Il Il 1 1 1

0 1 2 3 4 5 6 7 8 9 10

t (sec)

Fig. 5. The angular velocity of the arm in comparison with three implemented controllers.

= = =Sicard
————— Moreno | |
New

Pendulum Position (deg.)
o

—40

t (sec)

Fig. 6. Pendulum position with external disturbance.

To check the robustness of the controller, an external disturbance as a torque is applied to the
pendulum for 0.1s with F; =0.5 NM and the controller behavior is evaluated. Pendulum position
has been shown in Fig. 6 and quantification of the error with disturbance has been evaluated in
Table V.

According to Fig. 6, external disturbance can significantly deviate the pendulum angle relative to
its vertical position. The designed robust controller compensates for the disturbance effect and keeps
the pendulum in the vertical position. The overshoot of the response after disturbance is lower than
the previous methods and settling time highlights the controller adaptability. The RMS values of the
errors in Table V show the ability of the proposed controller in disturbance rejection in comparison
with other approaches.

4.3.1. Various initial pendulum positions analysis. In the following, the different initial position of
the pendulum has been investigated. As has been referred before, the fuzzy technique has been used
to able the controller to stabilize the pendulum for bigger deviations from zero. According to Section
4.3, the biggest initial angle in which other approaches work is 44° but in Fig. 7, it is demonstrated
that the proposed approach can stabilize the pendulum from 60° as well. To show the performance of
the controller the pendulum position and the arm velocity for three initial positions of the pendulum
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Table VI. Quantification of results in various initial pendulum positions.

30° 45° 60°

Settling time ¢ () (2%) [s] 0.787 1.0284 1.0432
RMS {U(t)}[Nm] 3.2226 9.7321 39.1052

Table VII. Quantification results of comparison of the proposed Dual ANN-Fuzzy controller,
ANN controller, and Dual ANN controller.

ANN  Dual ANN Dual ANN-Fuzzy (proposed)

RMS error (deg.) 48115 5.0644 4.6285
RMS {U@®)}[Nm] 53.5929 4.3875 2.6313
80 k e

—_ L} 45

bod 1 S A R I B B ) == 60 =

R ;

E 2,

= E

'g - <

a

t (sec)

Fig. 7. Pendulum position and arm velocity in various initial pendulum positions.

are shown in Fig. 7. For quantitative comparison, the settling time and the RMS values of the control
input are indicated in Table VL.

As seen in Fig. 7 and Table VI, three initial positions (30, 45, and 60°) of the pendulum have been
analyzed. It is clearly shown that in smaller deviations from zero, the control input and settling time
are smaller as well. The leveraging fuzzy technique not only enables the controller to stabilize the
robot from a big initial deviation of zero, but also the position error, settling time, and the control
input has a reasonable amount.

4.3.2. Corrective control analysis. In the following section, applying the fuzzy technique in (33)
and adding U,,, which is the second part of the controller in (18) has been investigated. One of the
advantages of the presented approach is using a dual neural network to eliminate oscillations, which
are emerged by a discontinuity of the sign function which is used in other approaches like.'**® The
fuzzy technique is used to remove the limit of the initial position of the pendulum, but as it is shown
in Fig. 8 and Table VII, it modified the error and control input as well. To show the effect of the
U,,r in oscillation compensation, the results with U,,, and without that has been shown in Fig. 8 and
Table VII. Actually, the Dual ANN controller, which is proposed in (18) that is just without fuzzy
technique in (33) and the ANN controller, which is compared with them is defined by

U, = WTG(VTx) + K,r + sign(r), (57)

where the Dual ANN-Fuzzy is the presented approach in this paper. Figure 8 and Table VII show
the performance of the proposed algorithm in comparison with the ANN controller without U, and
the proposed controller without the fuzzy technique. The proposed control scheme has compensated
the oscillation caused by uncertainties and discontinuity. Although by multiplying a coefficient to the
sign function, the pendulum position oscillation could be decreased (not eliminated at all), but the
control input value increases, so that it becomes unreasonable. The results suggest that the perfor-
mance of the proposed algorithm is clearly better than the performance of the ANN controller which
is formulated in (57).
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Table VIII. Quantification of results.

AFSMC Dual ANN

RMS {e; ()} (deg.) 56.6244 20.0680
Max {le( ()|} (deg.), 1.5<t<3 0.0945 0.0381
RMS {U(#)}(Nm) 1.2956 1.3153
Settling time g, (¢) (2%) (s) 0.704 0.225

Table IX. Quantification results of comparison of the proposed Dual
ANN controller and AFSMC controller.

AFSMC Dual ANN

RMS error (deg.)  49.1839 18.0820
RMS {U(t) }(Nm) 8.0465 1.9307

N
o

w
o

N
o

N
o

Pendulum Position (deg.)

Dual ANN-Fuzzy

1.5 2 25 3
t (sec)

Fig. 8. The angle of pendulum position. Proposed Dual ANN-Fuzzy controller in comparison with ANN
controller and Dual ANN controller.

The controller is able to drive the Furuta pendulum system toward its desired equilibrium points
(i.e., X=0) in an efficient manner. Simulation results clearly show the stabilizing ability of the con-
troller. Thus, the algorithm can be used for either of two-degrees-of-freedom systems with a slight
design modification.

4.4. Simulation results for the Inertia wheel pendulum
In this section, the effectiveness of the proposed Dual ANN method is assessed in controlling the
underactuated dynamic model of the Inertia Wheel Pendulum (IWP) system. In the first part of
this section, disturbances are not taken into account but in the second part, the performance of the
controller is being tested in the presence of a step disturbance input. The proposed controller in
(34) is labeled as “Dual ANN” and the controller introduced by*’ in (52) as a free model controller is
labeled as “AFSMC”. The results of reaching the inverted pendulum to the vertical position from 175°
without external disturbances were shown in Fig. 9. The maximum absolute value of the pendulum
position error, the Root Mean Square (RMS) value of the error, and the control input and the settling
time were compared in Table VIII. In maximum error quantification, the chosen time interval was
1.5s, when the pendulum is in a stable position, and the maximum of the error has been highlighted.

To examine the effect of disturbances on the performance of this system, a step function has been
exerted in the second time of the simulation for 0.1s with F;=7 NM. The desired values were the
same as before. In Figs. 10 and 11, the performance of the system in the presence of disturbance is
depicted for the pendulum angle and wheel velocity, respectively. Quantification of the error with
disturbance has been presented in Table IX.

As it is shown in Fig. 10, the same disturbance caused different deviations because of different
controllers. For the AFSMC controller, the pendulum angle after applying the disturbance reached to
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Fig. 9. The angle of pendulum position in comparison with another implemented controller.
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Fig. 10. Pendulum position with external disturbance.
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Fig. 11. Wheel velocity with external disturbance.

28° while this number for Dual ANN was 9.8°. The figures show that there is no significant chattering
after the pendulum reached to the neighborhood of the desired values. However, Fig. 11 depicts that
the system experiences a high wheel velocity after the exertion of the disturbance. The results showed
that the proposed controller has a good performance in various underactuated systems and it is robust
under plant uncertainties and exogenous disturbances.
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5. Conclusion

This paper has discussed nonlinear robust control based on dual adaptive neural network for under-
actuated systems. Two underactuated systems including robot Furuta and Inertia Wheel Pendulum
(IWP) have been considered for implementing the proposed approach to achieve both swings up
and balancing. The Dual-ANN strategy reduces the dependency of the control approach to the plant
model and it is robust under plant uncertainties and exogenous disturbances. Such advantages are
obtained by using a fuzzy technique, which is continuously tuned by observing the deviations of the
pendulum from the desired value, and also by continuously estimating the bound of uncertainties by
an adaptive approach. The U,,, was introduced to compensate for the oscillation of the pendulum
when it reaches the desired point. The controller was derived from the universal approximation prop-
erty of neural networks, and weight adaptation laws were designed. The simulation results distinctly
show the performance of the proposed control law in uncertain nonlinear underactuated systems. The
results have been compared with previous works to highlight the efficiency of the proposed approach.
Besides, the presented algorithm can be easily extended for any other two degrees of freedom under-
actuated system. The authors are planning to investigate different ordering of the adaptive neural
network and other activation functions to increase the efficiency and to apply the proposed approach
in other complex systems for future works.
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