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Abstract—This paper present a neural predictive controller
(NPC) based on improved quasi-ARX neural network
(IQARXNN) for nonlinear dynamical systems. The
IQARXNN is used as a model identifier with gitching
algorithm and switching stability analysis. The primary
controller is designed based on a modified Elman neural
network (MENN) controller using back-propagation (BP)
learning  algorithm JPwith modified particle swarm
optimization (MPSO) to adjust the learning rates in the BP
process to improve the learning capability. The adaptive
learning rates of the controller are investigated via
Lyapunov stability theorem, which are respectively used to
guarantee the convergences of the predictive controller.
Performance of the proposed MENN controller with MPSO
is verified by simulation results to show the effectiveness of
the proposed method both on stability and accuracy.
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quasi-ARN neural network (IQARXNN); modified Elman
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I, INTRODUCTION

The NPC of nonlinear dynamical systems has attracted
much attention and developed significantly over the past
few decades. Some researchers have successfully applied
neural network (NN) as the model identifier of the NPC
system for controlling the real processes. for examples,
Piche ef al. [1] presented NN-based modeling and control
techniques by developing no@inear dynamic models from
empirical input-output data. Zeng ef al. [2] established a
NN predictive control scheme for studying the coagulation
process of wastewater treatment in a paper mill, and Wang
et al. |3] presented adaptive NN model based predictive
control for air-fuel ratio of SI engines.

The RNN is a dynamical mapping and demonstrates
good control performance in the presence of unmodelled
dynamics; each recurrent neuron has an internal feedback
loop. and then captures the dynamic response of a system
without external feedback through delays [4][5]. Some
researchers have extensively investigated RNN-based
predictive control with its application to nonlinear
systems; for examples Parlos er al. [6] presented an
architecture for integrating NN with industrial controllers

r use in predictive control of complex process systems,
Huang and Lewis [7] developed and analyzed a RNN

predictive feedback control structure for a class of
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uncertain continuous-time nonlinear dynamic time-delay
system in a canonical for..

The MENN as one kind of RNN were proposed to
improve the dynamic characteristic and convergence
speed [8][9]. A ME approximation-based computed-
torque controller is proposed to deal with unmodelled
bounded disturbances and unstructured unmodelled
dynamics of the robot arm [8]. An improved Elman NN
was developed to realize failure detection in a hydraulic
servo system [9].

There are two major criticisms on neural network
models. The first one is that their parameters do not have
useful interpretations. The second one is that they do not
have a friendly interface for controller design and system
analysis [ 10][11][12]. To solve these problems, a quasi-
ARX neural network model has been proposed which
embodied a macro-model part and a kernel part [10][13].
The quasi-ARX neural network can be used to identify
nonlinear systems accurately.

In this paper. the quasi-ARX neural network is
divided into two parts: the linear part is used to ensure the
nonlinear stability, and the nonlinear part is utilized to
improve the accuracy. In order to combine both the
stability a.l universal approximation capability in our
controller, a switching law is established based on system
input-output variables and prediction errors.

The existing work and the previous works of authors
[19](20 |.l 1122][23] is developing controller of nonlinear
systems based on quasi-ARX neural network, and current
work are focus on neural predictive controller.

In this paper, a MENN controller with MPSO 1is
developed to control nonlinear systen' based on an
improved quasi-ARX prediction model. In Section 2, the
considered @stem i1s given. In Section 3, an improved
quasi-ARX prediction model is introduced basec.)n a NN
with a switching law and analyzes the stability. Section 4
describes the MENN controller using MPSO for learmning
rates adjustment and investigated by Lyapunov stability
theorem. Numerical simulations are carried out to show
the effectiveness of the proposed model in Section 5. At
last Section 6 gives some conclusion.
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PROBLEM FORMULATION

Consider nonlinear time-invariant system with a
single-input-single-output (SISO) whose input-output
dynamic deseribed as

WD=g(@N))+v(0). (1)
KO=[(-1), ... Wtn), u(t-d), ... u(i-m-d+1)]"

where )(f) as out‘lt, u(f) as input at ime £ (¢ = 1,2, ...),
d the recognized integer time delay. ¢(f) the regression
vector, and v(f) the system noise and g(.) is a nonlinear
function.
.hc next assumptions will be used:
Assumption 1:
(i) g(.) is a continuous function, and at a small region
around ¢(f) = 0, it is C” continuous;
(11) there is a rational indefinite controller which may be
expressed by u(H)= ( (1) definition
W=, yEny(-1). . u(t-my*(e+1) .. y*e+1-D)
(y*(f) 1s reference output);
I, IMPROVED QUASI-ARX NEURAL NETWORK

A, Quasi-ARX Neural Network

Through using Taylor expansion for (1), a similar-
linear ARX model could be developed as

Aq ‘iar))y(r) =yt Blg ' g0) ¢ u(t = D)+ v(D). (2)
where A(g™.@(f) and B(q",cﬁ(.r]) is defined by:
A(q-l,gf)) = ane q-l S o T ﬂ'n..'g-\"

B ) = bos+ ... + burag™

3@) =) ... Yt Dud) ... a(t-m-d+2)]"
[mroduc'sggle ‘o]]owing marks:
W) = (1300 .. ynt1) at) ... u(-m-c2)]"
D OAD) =Y 5 Oos - Copers BOI ... Breaa]’s
Finally the improved quasi-ARX NN expression by :
yerdit, ()= 'O D (@, x1). 3)

B. Switching Law
The switching law define by the following function
& a0 -48) ' :
Ji= - 1—a,(Dje
O=2o0 a(OFU-kY Y-k ¢ 20-a k)

I=t-N+1

=k
i=1,2. “

Then, the expression of switching law y(f) described as
&r)=1 if Jy() = Jy(f) otherwise(H=0. If Jy(£) = Jy(f) the

nonlinear part is added, else only use linear part to identify.

Quasi-ARX NN
W Linear Part
L Swnlcn:nq‘:p_ 2 mgg 1 | | Noniingar ¥
Nonlnear Lo [ Controlier Systam
prip— &
Parl J2 |
Figure 1. NPC structure by neural network.

IV. DESIGN OF NPC
A. NPC Scheme

The purpose of NPC is to design a control law and an
updating law for the primarv controller parameters. such
that the system output y is following input reference signal
yr-and the closed-loop dynamic performance of system is
following predictive model. The interior characteristic of
NPC guarantees the dynamic performance of the closed-
loop system as long as the controller is properly designed.

Fig. 1 show the NPC schel.: which will be used in the
proposed nonlinear system. A switching md@hanism is
employed to improve the performance of the quasi-ARX
I!ﬂiI networlirediction model. The primary controller
is modified Elman neural network controller with
modified particle swarm optimization.

B.  Modified Elman Neural Nem’ark'omm;’er' Design

Modified Elman neural network is better than common
Elman neural network because the feedback of the output
layer is taken into account, so better learning efficiency
can be obtained. In a common Elman neural network, the
hidden layer neurons are fed by the outputs of the context
neurons and the input neurons.

Context neurons are_memory units as they store the
previous output of hidd8n neurons. Because a common
Elman neural network only employs the hidden context
nodes to diverse message, it has low learning speed and
convergence precision

Fig. 2 show the structure of the proposed MENN
including the input layer (i layer). the hidden layer ( j
layer). the context layer (r layer) and the output layer (o
layer) with two inputs and one output [14].

¥olk)
output layer |
o =N
=
W W, |
- x z
B . P 4y
: &)« o o S hedeniaer () 7] [
1= %
2l Wy / g
(i« e -~ =
- PO L Y (@) € )
xi(kye [ e A “ingut layer T i
@ context layer & ] ] ﬂ i .
edk}

Figure 2. Structure of modified Elman neural network,
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The basic function and the signal propagation of each

layer are introduced in the following:

Layer 1 (input layer): the node input and the node output
are represented as

.\',(k).= JSi(net;) = net; = e;(k). (5)
where e;(k) and x,(k) are the input and the output of the
input layer, respectively, k represents the kth iteration.
Layer 2 (hidden layer): the node input and the node output

are represented as

)-](k) = S{nﬂtj). (6)
net, = YW, xx,(k)+3 W, xx; (k)" (7)

where x,(k) and net; are the output and the input of the
hidden layer. I7; and IV,; the connective weights of input
neurons o hidden neurons and context neurons to hidden
neurons, respectively. xE(k) the output of the context

layer. and S(x) is sigmoid function. that is. S(x)=1/(1+e™).

Layer 3 (context layer): the node input and the node
output are represented as

x(k)=oxi(k-D+x,(k=D- (8)

where 0 <o < 1 is the self-connecting feedback gain.

Layer 4 (output layer): the node input and the node output
are represented as

Yolk) = flnet (k) = net (k). (9)
net, (k)= Yo, xx, (k) +1V, x y* (k) - (10)
V() = By (k=-1) + yo(k-1). (11)

where J’u.’) the output of the modified Elman neural
network and also the control effort of the proposed
controller, 1°(k) the output of the output feedback neuron,
< <1 the self-connecting feedback gain, ¥}, and W,
are the connective weights of hidden neurons to output
neurons and output feedback neuron to output neuron,
respectively.
C.  Learning Algorithm
The Warning algorithm of the modified Elman neural
network is referred to as the BP learning rule method and
chain rule. To describe using supervised gradient decent
method, first the energy function £ is defined as
0 E=%Q-y) =% (12)
where y and y, represents the output of the system and
output of the prediction model. respectively, and &g,
denotes the tracking error.

Then the learning algorithm is defined as follows:

Layer 4: the error term to be propagated is given by

5=-OE _ OB d¢ _ QEde, W . (13)
Ttk de, v, (k) de, dy, Iy, (k)
. oE dE Iy, (k) dnet (k)
W o= — =—_ o o
Al =T W, Mo ) omet, (k) W, (14)
=178,y (k)
’ IE BE v, (k) omer (k)
AW =— =, o o
o= aw, e S (> Bset, () a, (15)
=’?25nx,(k)

v

The connective weights ¥, and I}, are updated according
to the following equations, correspondingly

W (k1) = W (k) + AW, (16)

Wio(k+1) = W (k) + AW, (17)

where the factors 1, and 1, are the learning rate.

Layer 3: through using chain mle, the update law of 1, is

oE OE v, (k) onet (k) dx, (k)

AW, =, — =
7 =T o, = Gy, iy amer, ) o, by oW, (18

=130, %, (k) [1=x, ()], (k)

o' fo

W, (k+1) = W, (k) + AW, (19)

Layer 2: through using chain mle, the update law of 17, is

c v (k ) ox, (k
AW, =-n, E i OE Ay, (k) omet, (k) Ox,(k)

aw, Ay, (k) omet, (k) ax, (k) W, )
=080 %, (0[1=x, (k)] (k)

Wyk+1) = W,(k) + AW, @1
where the factors 13 and 1, are the learning rate, (1), M2 Ms.
14) will be optimized by the MPSO algorithm.

Finally, a delta adaptation law as follows is adopted
because of the Jacobian of the unknown dvnamics system
is difficult to be determined [15]

G =(r=-y)+(=P,) =6, +&, (22)
where y and y, represent the first derivatives of the output
of the system and Ol.!llt of the prediction model.

D. Learning Rates Adjustment using MPSO

PSO is an algorithm based on a group of flying birds
to simulate the behaviour of a swarm as a simplified
collective system.

To further improve the leamning ability, MPSO
algorithm is adopted for tuning the learning rates 1, 13
N3 and n, of the MENN [16][17][18].
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1) Step 1: initialization
With R =[R'.R’.R'.R] for learning rates (1. M, M.
..,). the population size is set to P=15, and the dimension
of particle is set to d=4. The parameters needed to be
optimized with minimum and maximum ranges.

2)  Step 2: Define .can'on and velocity
Initial location RY(N) and velocities v/(N) of all
particles are randomly generated in the search space. The
elements in vector Rf;(:\-') are randomly generated by

R ~Ung, o) (23)

where y[n? nd | designate the result of uniformly

distributed random variable ranging over the known
lower and upper bounded values 1, and M, of the
learning rate.

3)  Step 3: Update velocity
Every particle in the swarm is updated using (24). The
velocity update law 1s described as

v N+ =wv(N)+¢, -1, -(pbest! —R"(N)) )
+c,-n (ghest! =RY(NY)

24

where pseudorandom sequences r~0(0,1) and r,~U(0,1)

are used to simulate the stochastic nature .‘ the algorithm.

For all dimensions d. let RY phesi’ be the current
position and current personal best position.

4)  Step 4: Update position
The new velocity is then added to the current position of
the particle to find its next position by

RN +D=RIN)+VI(N+D) i=L..P. (25)

3) Step 5: Update pbests
If the current position of a particle is located within the
analysis space and does not intrude the territory of other
ghests, the objective function of the particle is evaluated.
The fitness of each particle is calculated by

r-8__ L . (26)
0.1+abs(y,—y)

by using (25). a gradually increasing fitness function can
be obtained.

6) Step 6: Update gbests
The gbest is replaced by the best pbest among the
particles. Each particle R memorizes its own fitness

value and chooses the maximum one that is the best so far
its defined as pbes!f and the maximum vector in t'

population pbesr:" =[ pbe.sr;" , phes ; TN pbe.sr: ] is

obtained.

7)  Step7: Check convergence
Steps 3-6 are repeated until the best fitness value for the
gbest is obviously improved or a set count of the
generation is reached. Finally the highest fitness value

gbesr;." is the optimal leaming rate (1, 112.11.1,.4) of
MENN. The acceleration coefficients ¢, and ¢, can be
used to control the move distance of a particle in a single
iteration, typically set to 2.0 for simplicity. The inertia
weight w in (27) is used to control the convergence
behavior of the MPSO. Small values of w result in a more
rapid convergence usually on a suboptimal position,
while large values may cause divergence. In general, the
inertia weight w is set according to

W

max — Wi

iter,,.

w=w__ - ifer @7

max

where iter,,, is the maximum number of iterations, and
the iter is the current iteration count. The maximum
values of the inertia weights are w,,,,=0.5 and w,,;, =03,
respectively.

E. St‘a.h'fy Analysis for the NPC based on Lyapunov
The following theorem 'atcs that the NPC controller

using MENN with MPSO is also convergent based on
Lyapunov stability theory,

Theorem Let the weights of MENN are updated along
with (14), (15), (18) and (20). Then the convergence of
the MENN (11) is guaranteed if the learning rate 1
satisfies is chosen to satisfy

[ S :
TP AGTL SR ()
ﬂ[gs,,(k) = } e } 28)

m M| [ %
[ w || Ee® Sy

o=1

where the condition are 0 < < 2 and
§ =W, W W, WY

ey "y,

Proof. Leta Idapunov function candidate be chosen as

()= €2 () and let (k)= I(k + 1)~ (k) and
o=l

de,(k)=€,(k+1)—¢,(k). Then

(k)= 22 £, (k)e, (i.-)+m2'(ag,,(k))3 . (29)

o=l 0=l

By the method in [24], Je (k) can be represented by
e (k| Se, (k) &W]" W, and (29) becomes

- S RIS
afch——fr[z[zmh == Hzmﬂ) 7 | o

o=l o=l

“ ¥, e &0

To ensure this selected learning rate inside the stable
region, we set the learning rate 1 as in (28) and then have
dI(k) < 0 which shows that the MENN is convergent. This
completes the proof of the theorem.

=
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Figure 3. Simulation result of proposed method.

V. SIMULATION RESULT

In order to study the behavior of the proposed control
method. a numerical simulation is described in this
section. The nonlinear SISO system to be controlled is
described |':

y(l‘) = exp(‘_zyi(t_z)}:y(t_ l)
.+h‘ E=3)+y° (-2
L exp(=05 *(ulgt—2)+y2(r.3))}* ¥i-2) 3y
l+u’(t=2)+y*(1=1)

o SinGut =1 p(t=3))* p(r =3)
L+’ (t =1+ y*(1=3)

B sin(u(f =1)#v(1=2)*p(it—4)
L+’ (t-2)+y* (t-2)

+u(t—1)

The desired output in this example is a piecewise
function:

0.4493y" (1= 1)+0.57r(t=1)

‘@ te[1.100]w[151,200] (32)
P = .
0.7sign(0.4493y (1 =D +0.5Tr(=1))
e [101150]
where 1) = 1.2%sign(2m#/25).
2
1.5 4
"I 1 T
g || oo
= | | I Il |: |‘
DL5| \ I
| i
i LT
O5TT% w0 s0 80 100 120 140 160 180 200
MENN with MPSO{solid), KQARXNN controller{dashed) tisec)

Figure 4. Switching sequence of proposed method.

TABLE L COMPARISON RESULT OF ERROR EACH METHOD

Methad Errors
et Mean of errors Variance MSE
IQARXNN controller 0.0035 0.0053 0.0052
MENN with MPSO 0.0017 0.0013 0.0013

Wc.sc the following improved quasi-ARX neural
network prediction model to identify the system:

yi(trdea) = ¥ (8 W' (1) . Wy T(W, &) + B).(33)

' In the nonlinear part, a neural network with one
hidden layer and 20 hidden nodes is used and other
parameters satisty m=4, n = 3. d = 1. Firstly, the
improved quasi-ARX model can be trained off-line by the
hierarchical training algorithm as in [19].

Figure 3 shows the performance ien the MENN
controller with MPSO is used compari with adaptive
controller using switching mechanism based on quasi-
ARX neural network.

The parameters of S\\'ching law function (19) are
choosen ¢=1.2 and N = 3. In Fig. 3. the dotted line is the
ijséred output, the solid line denotes MENN with MPSO

ntrol output. and dashed line shows the IQERXNN
control output. Obviously. the control output with the
proposed method is nearly consistent with the desired
output at most of the time.

The mean of IQARXNN control errors is 0.0035 and

the variance is 0.0053. The mean of the proposed method

ontrol errors is 0.0017 and the variance is 0.0013.

herefore. our method is better than adaptive control.

Table I gives the comparison results of the errors.

Obviously, MENN with MPSO controller has better
performance than adaptive controller.

. Figure 4 shows the switching sequence which 1 is
model with nonlinear part and 0 is model without
nonlinear part. Even though the model with nonlinear
part can often control very well, it degrades sometimes
and the model only with linear part has to work until the
nonlinear part can recover. Therefore. the linear part will
work all the time, but the neural network part will work
under the switching sequence.

.01}, .
P ——

20 40 € 8 100 120 140
MENN with MPSO(solid), IQAFXNN controllar(dashed)

160
t(sec)

180

Figure 5. Convergence charactenstics of the proposed methods.
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TABLE IL CLASSIFICATION RESULT FOR SEVERAL METHODS

v cPU vy
Tterative MXE Aeceuracy
Method : Time 3 B
Number (ec) 14y (")
TQARXNN controller 273 1.82 3.2 935.87
MENN with MPSO 183 U‘é 1.3 98.38

For additional comparisons, convergence speed of
t diirent methods are given in Fig.5, and classified in
T®le II. From Table II, MENN with MPSO method gets
a better accuracy. and also has a faste vergence rate
than other methods. Fig. 5 sho“i the convergent
characteristics of various algorithms. A better nonlinear
system controller effect can be seen for the proposed
algorithm.

8

VI. CONCLUSION

This  study has sucoessﬂ.y dem'strated the
effectiveness of the proposed modified Elman neural
netwol® controller with modified PSO based on quasi-
ARX prediction model. First, the principles of quasi-
ARX prediction model was derived. Then, thefhetwork

ructure and_ theoretical bases of proposed modified
Elman neura].em'ork controller with modified PSO has
been adopted to adapt the leaming rates in the BP process
to replace the traditional trial-and-error mggthod. Finally,
the control performance of the proposed ni@dified Elman
neural network controller with modified PSO based on
quasi-ARX prediction model has been confirmed by some
simulated and experimental result.

The main contributions of this study are: (1) the
successful development of 4 modified Elman neural
network controller; (2) the successful adoption of a
modified PSO algorithm to tune the learning ra@ in BP

ess: (3) the successful application of the modified
Elman neural network troller with MPSO based on
improved quasi-ARX prediction model to control
nonlinear system with robust control performance.
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