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ABSTRACT. This paper developed an adaptive neural networks (NNs) command filtered
position tracking control approach for induction motors. Neural networks are used to ap-
prozimate unknown nonlinear functions and the adaptive command filtered backstepping
is employed to construct controllers. Therefore, the proposed control method can over-
come the problems of “nonlinear systems with parameter uncertainties” and “explosion
of complexity” inherent in the traditional backstepping design and the adaptive neural
controllers guarantee the tracking error can converge to a small neighborhood of the ori-
gin. Then, simulation results illustrate the effectiveness of the proposed approach.
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1. Introduction. In the past decades, induction motors (IMs) have been widely used in
industrial applications because of their simple and robust construction, low cost, high reli-
ability and ruggedness. However, the control of IMs is complex due to its highly nonlinear,
multivariable dynamic model. Hence, many control techniques have been developed to
control IMs, such as sliding mode control [1], backstepping control [2] and other control
methods [3]. Backstepping control is considered to be a powerful tool for the design of
controllers for nonlinear systems. However, there are some drawbacks in backstepping
approach. One problem is that certain functions must be linear in the unknown system
parameters. Another limitation is the “explosion of complexity” caused by the repeated
differentiations of virtual input. To overcome these problems, a command filtered back-
stepping technique is proposed to approximate the derivative of the virtual control by
utilizing the output of a command filter at each step of the adaptive backstepping ap-
proach [4]. In addition, NN approximation method has been used in many applications,
mainly by its inherent capability for modeling and controlling highly uncertain, nonlinear
and complex systems [5]. Therefore, NNs can be employed to control the systems which
are too complex to have a precise mathematical model.

Motivated by the above observations, NN approximation-based command filtered adap-
tive backstepping control is proposed for the IMs system in this paper. Compared with
the traditional control methods, the benefits of the presented approach include: 1) The
command filtered control technique is proposed to overcome the problem of “explosion of
complexity”; 2) NNs are used to approximate the unknown nonlinear functions to solve
the problem of the unknown system parameters; 3) The proposed method in this paper
only needs the information of the desired trajectory and its first derivative, which makes
it more suitable for practical applications where higher order derivations of the desired
trajectory cannot be obtained. It is proved that the proposed approach can guarantee that
the tracking error can converge to a small range of the origin and all the closed-loop sig-
nals are bounded. Simulation results illustrate the effectiveness of the proposed approach.
The rest of the paper is organized as follows. Section 2 describes the mathematical model
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of the position drive system for induction motors. The command filtered neural adaptive
backstepping controllers are designed in Section 3. In Section 4, the simulation results
are given. Finally, some conclusions are presented.

2. Mathematical Model of the IM Drive System. Induction motor’s dynamic math-
ematical model can be described in the well-known (d-¢) frame as follows [6]:

( do

a W
W= vai, —
Sy = ——Lz"fgLL;‘RS iy — fﬁ’i’;wwd — NyWig — %Z‘;—ij + o1 (1)
% = —f—:?ﬂd + L’gfrid
. ;2
\ dL;t — _%id + fglj%@/)d + npwig + LTE—F”% + O’LLsud

where 0 = 1 — LS%ZT' W, Ly, ny,, J, T1, and 14 denote the rotor angular velocity, mutual
inductance, pole pairs, inertia, load torque and rotor flux linkage, respectively. ¢4 and i,
stand for the d-q axis currents. u4 and u, are the d-q axis voltages. R, and Ly mean the
resistance, inductance of the stator. R, and L, denote the resistance, inductance of the

rotor. For simplicity, the following notations are introduced: z; = ©, z2 = w, x3 = 1,

o o _ npLm _ L% R.+LZR, __ npLm . _ LwR,
Ty = wd7 Ts = 1g4, A1 = L, bl - oL L2 ) b2 - oLsL,’ b3 = Ny, b4 - L,
bs = ULLS, c1 = —f—:, dy = fi"lzé By using these notations, the dynamic model of IM

driver system can be described by the following differential equations:

jjl B )

.fQ = a—jl‘gl’;; — TTL

: 3T

T3 = b1£(]3 + booxy — b3l’2[)’25 — by 33045 + b5uq (2)

.@4 = C1T4 + b4x5

22
jfg, = b1$5 + d2$4 + b3332$3 + b4ﬁ + b5ud

In this paper, the radial basis function (RBF) neural network will be used to ap-
proximate the unknown continuous function ¢(z) : R? — R as $(z) = ¢*TP(z) where
z € ), C R?is the input vector with ¢ being the neural network input dimension,
¢t = [¢%, ..., 0" € R™is the weight vector, P(z) = [p1(2),...,pa(2)]T € R™ is the basis
function vector with n > 1 being the neural network node number, and p;(z) are chosen as

the commonly used Gaussian function in the following form: p;(z) = exp [%Z(z_”’)],
i=1,2,...,n where v; = [Vi1,...,144" is the center of the receptive field and ¢; is the

width of the Gaussian function. It has been proved in [7] that, for given scalar ¢ > 0,
by choosing sufficiently large [, the RBF neural network can approximate any continuous
function over a compact set ., € RY to arbitrary accuracy as ¢(z) = ¢T P(z) + 6(z2) V
z € Q, C R? where §(z) is the approximation error, satisfying |0(z)| < ¢ and ¢ is an un-
known ideal constant weight vector, which is an artificial quantity required for analytical
purpose. Typically, ¢ is chosen as the value of ¢* that minimizes |§(z)]| for all z € €.

Lemma 2.1. The command filter [4] is defined as
(pl = WpP2 (3)
P2 = —2Cwnip2 — wy (1 — 1)

If the input signal ay satisfies |&;| < p; and |dy| < py for all t > 0, where p; and py are
positive constants and ¢1(0) = a4(0), ¢2(0) = 0, then for any x > 0, there exist w,, > 0
and ¢ € (0,1], such that |1 — aq| < g, 1], |¢1]| and |1 are bounded.
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3. Adaptive Neural Command Filtered Control for IMs. In this section, we will
present an adaptive neural command filtered control for IMs via backstepping. Design
the tracking error variable as

21 = T1 — T1d, R2 = X2 — X1, 23 = L3 — L2,y R4 = X4 — X4d, 25 = Ty — T3¢ (4)

where x14 and x44 are reference signals, the vitural controllers ay, as and ag pass through
the command filter and we will get z1 ., 2. and x5, that will be constructed later.

Step 1: For the first equation of (2), consider Lyapunov function candidate as V; = %zf,
and the time derivative of V] is computed by

‘./1 = 212"1 =21 (22 -+ 33170 — -+ a1 — ild) (5)

Construct the virtual control law ay as ay = —ky2; + ©14. Then (5) can be written as
‘/1 = —klZ% + 2122 + 21 (.17170 — Oél).

Step 2: Differentiating 2z, we get Zy = Yw3ry — T—JL — #1,.. Choose the Lyapunov

function candidate as Vo, = V] + = 22, and then we have Vg V1 + 29 (mwzry — T, — Jd1 ).
In this paper, due to the parameter T, being bounded in practice system, we assume
the T, is unknown but its upper bound is d > 0. Namely, 0 < T < d. Obviously,
—2Ty, < ézg + 3e1d?, where ¢ is an arbitrary small positive constant. Then we can get

) 1 i
Vs < 56%d2 + 223+ fi) + Vi (6)

where f3(Z) = ajxsxy + %zz — a3, Z = [x1, %9, T3, 4, 25]. According to the RBF neural
1

network approximation property, for given g > 0, there exists an RBF NN ¢ P»(Z)
such that fo(Z) = ¢L Po(Z) + 69(Z), where §5(Z) is the approximation error and satisfies
|02| < e5. Consequently, a straightforward calculation produces the following inequality.

1 1 1 1
2flZ) = 2 ($5PUZ) + 0 2)) < gt |nll PR DOPUAZ) + 53+ 553+ 58 (D
Construct the virtual control law ag as gy = —kgzy — %zg -z — #zQéPQTPg + J21 ., with

ks > 0 being a constant and 0 is the estimation of the unknown constant @ which will be
specified later. Substituting (7) into (6), we can obtain

. 1
Vo < —ki27 — kozy + 21 (010 — ) + §€%d2 + 23 (To.c — va) (8)
1 1 R
+ l2+ 52“—2[2 <||¢2||2_6> PéTPQ —|—2'223

Step 3: From the third equation of (2) and (3) we have 23 = &3 — &3, = b3 +
baroxy — b3woxs — by ™2 + bsug — T2 .. Now choose the Lyapunov function candidate as

Vo =Vo+ 1232, Obv10usly, the time derivative of V3 is given by

1 1
56%6[2 + 22(.27270 — Oéz) + 5[% (9)

1 .
3 &+ 2l2 5% (H%H ) Py Py + 2323 + 23 (f3 + bsug — da.)

Vi < —ky 22 — kgzg + 21 (T — o) +

where f3(Z) = bixg + batay — bswars — by ™5 = ¢35 P3(Z) + 63(Z). Similarly, for given
g3 > 0, we can get

1
~e3 (10)

23f3( ) 9

1 1 1
= 2l223 ||¢3|| PT( )P3(Z)+§l§+§z§+
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The control law u, is designed as u, = % <—k3z3 — %23 — 2y + Tg e — #ZSGAPZ),TPS) Sub-
3
stituting (10) and wu, into (9), we can obtain

3

. 1
‘/3 S Z —klzf -+ 21 (xl,c — Oél) + Z9 (ZL’Q’C — 062) -+ €1d2 —lg + 583 (11)
=1

1
+5+ 555+ 35 (10al” = 8) PPy + 328 (sl = 0) TPy

Step 4: For the reference signal Z3q, one has z2y = &4 — 249. Choose the Lyapunov
candidate function as V, = V5 + 24 Then the time derivative of V} is given by

3
/ 1, 1 1
‘/ZISZ /CZ +Zl<l'1c_061)+22(3728—al)+261d2 553—1-5834—5[% (12)
=1
1,
+§ 2[222 <||¢2” ) PTP2 + — 2[2 (H¢3H > PTP3 + 24 (C1a + baws — sa)

Construct the virtual control law a3 as az = i ( kyz4 + T4q9 — c14). Substituting as into
(12) results in Vi< Vs— kyz? + byzazs + byzy (23, — 3).

Step 5: At this step, we will construct the control law uy. Choose V5 = V, + %z?)
Then, we have Vs = V,+ 25 (f5 + bsuq — 3.), where f5(Z) = b1x5+d2x4+bg,x2x3+b4% =
PEPs(Z) 4 65(Z). Similarly,

1
AE

1
—¢? (13)

1 1
o2 osl” P (2)Ps(2) + S+ 525 + 5

Z5f5( ) 9

bs
| #s]|2, ||05[2}, 6 = 6 — 0. Furthermore, it can be verified easily that

5

We design ug as ug= 7+ ( kszs — —25 — byzg + T30 — #z5éP5TP5>. Design 6§ = max{||¢s]|?,
5

Vs < — E kiz? + z1(21c — 1) + 20(T2 — ) + byza(w3,. — a3) (14)
=1
1 1 1
l2 l2 12
+2 22+2 23+2 25
1 1
212 T T T

Then we choose the Lyapunov function as V' = Vi + %02. And the time derivative of V
is given by

5
— Z ]{5123 + Zl(xl,c — Oél) —+ ZQ(QEQ’C — 062) + b4Z4 (Ig}c — 043) (15)

i=1

1 1 1 1
+5@+2£+2@+§£+§@+§% 2%

1 (&} T

—6 (0 2Py Py — —523P] P 22PI'P,
o < e T gty s T 2P g

We choose the adaptive law as
6= F2Pﬁz+2p Pﬁ%+2p 2P Py —mf (16)

where m; and [; for ¢ = 2, 3,5 are positive constants.
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Proof: To address the stability analysis of the resulting closed-loop system, substitut-
ing (16) into (15), we have

> 1, 1 1, 1 1, 1 1
V<_ kz2 —l2 -2 —l2 -2 _12 e —2d2 17
< ;:1 ZZ—|—22+2€2+23+2€3+25+285+281 (17)
mléé

, + 21 ($17c — Oél> + ZQ(ZL‘Q’C — ag) + b4Z4(:B3,C — ag)
1

From |z; . — a;| < p and using the Young’s inequalities, we can get 21 (x1 . —a;) < Zf+%1u2,

2o(Tae — o) < 23 + 12, baza(wse — ag) < %;ﬁ + 22, —00 < —%2 + %, and (17) can be
rewritten in the following inequality

: 02 1
&
mi6> 1 1 1 1 1 1 1
< —aV +b

where a = min {2(k; — 1)/J,2 (ks — 1), 2ks, 2(ky — 1), 2ks,m1 } and b= 113 + 33 + 313 +
13+ L2+ Led + 1l + me 142 (2+b3). Then, (18) implies that

2rq
b —a(t—to) b b
V(t) < | V(to) — e +to< V(to) + = vt > to (19)

All 2 (i = 1,2,3,4) and 0 belong to the compact set Q = { <21,9~> IV < Vito) + 2,

vt > to}. Namely, all the signals in the closed-loop system are bounded. Especially, from

(19) we can get lim; ., 2? < %} By the definitions of a and b, it is proved that to get
a small tracking error we can take r; large but /; and ¢; small enough after giving the
parameters k; and m;.

Remark 3.1. By comparing the command filtered based adaptive fuzzy controllers u, and
uq with the classical backstepping controllers (35) and (39) given in [8], it can be seen
that the classical controllers (35) and (39) are much more complicated than the proposed
fuzzy controllers u, and uq in this paper. The numbers of terms (35) and (39) are much
larger. This drawback was called explosion of complexity in [9].

4. Simulation Results. In order to illustrate the effectiveness of the proposed results,
the simulation is run for the induction motors with the parameters: J = 0.0586Kgm?,
R, =0.1Q, R, = 0.15Q, Ly = L, = 0.0699H, L,, = 0.068H, n, = 1. The simulation is
carried out under the zero initial conditions the same as [10]. The reference signals are
0.5, 0 <t <5
1.0, t > 5.

The RBF NNs are chosen in the following way. The NNs ¢ Po(Z), ¢ P3(Z) and
®% Ps(Z) contain eleven nodes with centers spaced evenly in the interval [—9, 9] and widths
being equal to 2, respectively. The proposed adaptive neural controllers are used to control
the induction motor. The control parameters are chosen as: k; = 200, ky = 100, k3 = 100,
k‘4 = 100, k’5 = 200, r = 005, my = 05, lQ = l3 = l5 = 05, C = 05, Wp = 500.

Figure 1 displays the reference signals x; and x4 and Figure 2 shows the reference
signals x4 and x44. It can be observed from Figure 1 and Figure 2 that the system output
can track the given reference signals well and the tracking errors can converge to a small
neighborhood of the origin. Figure 3 and Figure 4 demonstrate the trajectories of u, and
ug. It can be observed that the controllers are bounded into a certain area that make
them achieved in real applications. We can see a load torque disturbance appearing at

taken as x14 = 0.5sint+0.3sin (0.5¢) and x4q = 1. T}, is chosen as T}, =
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t = 5s from Figure 3 and Figure 4. However, from the above simulation results, it is
clearly shown that the proposed control method can track the reference signal quite well
even under parameter uncertainties and load torque disturbance.

5. Conclusions. Neural network-based adaptive command filtered backstepping appr-
oach has been presented for the position tracking control of induction motors in this
paper. This method can overcome the problem of “explosion of complexity” inherent
in the traditional backstepping design. The designed controllers guarantee the tracking
error can converge to a small neighborhood of the origin. Simulation results testify its
effectiveness in the IM drive systems. In the future work, we will focus on the proposed
control algorithm applied to the realistic industrial applications.
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