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ABSTRACT. This paper developed an adaptive neural networks (NNs) command filtered
control approach to speed regulation for induction motors. First, neural networks are
used to approximate unknown nonlinear functions and the adaptive command filtered
backstepping is employed to construct controllers. Next, the proposed control method can
overcome the problems of “nonlinear systems with parameter uncertainties” and “ex-
plosion 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 origin. Then, simulation results illustrate the effectiveness of the proposed approach.
Keywords: Induction motor, Neural networks, Command filtered control, Backstepping

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. Theoretically, the calculation of virtual control deriva-
tion is simple, but it can be quite tedious and complicated in practical applications when
n is larger than three because the desired controller v will include the derivation of a,,
which requires the second derivation of a,_; and so on. To overcome these problems,
a command filtered backstepping 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 approach [4,5]. In addition, NN approximation method has been used in
many applications, mainly by its inherent capability of modeling and controlling highly
uncertain, nonlinear, and complex systems [6,7]. 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. 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. It
is shown that the proposed approach can guarantee that the tracking error can converge
to a small range of the origin and all the closed-loop signals are bounded. Simulation
results illustrate the effectiveness of the proposed approach.
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The rest of the paper is organized as follows. Section 2 describes the mathematical
model of IM drive system. The command filtered neural adaptive backstepping control
is 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 [8]:

/ _ anmdeq 7
% = —Lg’””fijLL{Rs lg — ULL"ZZ’; Wihg — Npwiqg — Lffr lald + - uq, X
dia By, 4 Lufinj, (1)
| G = — f£+LL2 g+ fﬁﬁ%@bd + npwiy + Ll iy 1 Ud,
where 0 =1 — LlejT. W, Ly, ny, J, Tt and 14 denote the rotor angular velocity, mutual

inductance, pole pairs, inertia, load torque and rotor flux linkage, respectively. i4 and 7,
stand for the d-q axis currents. ug and u, are the d-g axis voltages. R, and L mean the
resistance, inductance of the stator. R, and L, denote the resistance, inductance of the
rotor. For simplicity, the following notations are introduced: =1 = w, x93 = iy, 3 = wd,

. npL L2 R, +L%R, NpLm L R
R T e~ L A A
_ _R _ LnR . :
a=-i5, dy = PR By using these notations, the dynamlc model of IM drlver system

can be described by the following differential equations:
Ty
J J

ZtQ = bll'g + b2I1[E3 - b3[[‘11’4 — b4va§4 + b5uq,

Iy = Gaowy —

(2)

Zj&'3 =Cc1r3 + b4$4,
22
i’4 = blx4 + dgl'g + bgl'lxz + 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) = ¢*T P(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)]" € R™ is the basis
function vector with n > 1 being the neural network node number, and p;(z) are chosen as

T
the commonly used Gaussian function in the following form: p;(z) = exp [%],
i=1,2,...,n where v; = [vy,... ,uiq]T is the center of the receptive field and g¢; is the

width of the Gaussian function. It has been proved in [9] 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) + () V
z € 0, C R? where 0(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 is defined as

P1 = Wpp2
952 = _QCwnSOQ - wn(@l - al)
If the input signal oy satisfies || < p1 and |é1| < po for allt > 0, where py and ps are

positive constants and p1(0) = a1(0), ¢2(0) = 0, then for any p > 0, there exist w, > 0
and ¢ € (0,1], such that |o1 — ar| < p, |¢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.
Step 1: For the reference signal x4, define the tracking error variable as z; = x1 — x14.

Consider Lyapunov function candidate as V; = ‘27 22, and the time derivative of V; is

computed by Vi = Jz % = z1(arwows — Ty, — Ji1q).

In this paper, due to the parameter 77, being bounded in practice system, we assume
the T, is unknown but its upper bound is d > 0. Namely, 0 < T < d. Obviously,
Ty, < ézf + 1e2d?, where €5 is an arbitrary small positive constant. Then we can get

Vi < —€5d + 21 (23 — JE14 + f1) (3)

where f1(Z) = ajxax3 + 221 Xo, Z = w1, %9, 23,4, T14,Z14). According to the RBF

neural network approxnnamon property, for given g; > 0, there exists a RBF NN ¢ P, (Z)
such that fi(Z) = ¢T Pi(Z) + 61(Z), where §;(Z) is the approximation error and satisfies
|01] < e1. Consequently, a straightforward calculation produces the following inequality.

1 1 1 1
2fi(Z) =z (¢ Pi(Z) +6:1(2)) < sz lpu)|* PL(Z)Pi(Z) + §l% + §Zf + 55% (4)
1
Construct the virtual control law a; as a; = —ki2; — %zl — Q—}QzléPlTPl + jﬁcld, with
1

k1 > 0 being a constant and 6 is the estimation of the unknown constant 6 which will
be specified later. Let a; pass through the command filter to obtain ;.. And we have
2y = Ty — 1. Substituting (4) into (3), we can obtain

. 1 1 1,
‘/1 S —k}lZl -+ 2€5d2 + zl(:clc — ) 21% 5 (5)

1 .
g (16 = 0) PIP 422 20 (= )

Step 2: Differentiating z9 giVQS 7;'2 = Ztg — j"l,c = bll’g + bg[[‘ll’g — b3CL’1ZE4 — b4x2x4 -+
bsuq — @1,.. Now choose the Lyapunov function candidate as Vo = V; + z2 Obv10usly,
the time derivative of V5 is given by

1
Ve € —k12} + 5e2d 4 21 (10— an) + 2l221 (llexlP = 0) Py

1 1
+§lf + 56% + 212+ 21 (J - J) d1g + 2o(fo + byg — 1) (6)

where f2( ) = bll'g + ngl.ng - b3$1$4 — b4m2$4 QﬁgPQ(Z) -+ 62(2) Slmllarly, for given
€9 > 0, we can get

1 1 1 1
2(2) < A 6l P (2)PAZ) + S8+ 35 + o @
2[ 2 2 2
The control law u, is designed as
1 1 ) 1
Uq = — —]{3222 — —Z9 — Z1 + 27170 — 22’29P P2 (8)
bs 2 213
Substituting (7) and (8) into (6), we can obtain
. 1 1 1 1 1
Vo < —k122 — kp22 + 255d2 + zl(:vl e — )+ —l2 + —lg + 55% + 553
1 .
+opt (Il = 0) PR+ o (||¢2|| OV PIP 42 (J=T)ia (9)
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Step 3: For the reference signal 3,4, define the tracking error variable as z3 = x3 — x3q4.
From the third differential equation of (2), one has Z35 = &3 — @34. Choose the Lyapunov
candidate function as V5 = V5 + %z% Then the time derivative of V3 is given by

. 1 1 1 1 -
‘/3 < —klzf — kgzg + 21 (xl,c — Oél) + §l2 + 5[2 + 58% + 583 + 21 <J — J) Ltld (10)
1

+5p (Il —e)PTP1+2l2 (lle=” = 0) PL Py

+2z3 (Clxg, + 64974 — l"gd) + €5d2
Construct the virtual control law ay as

1 .
by (—kszs + @34 — c123) (11)

Similarly, let cp pass through the command filter to obtain xs .. In addition, defining
24 = T4 — Ta. and substituting (11) into (10) result in

Qg =

Vi < Vo — ka2 + byzazg + bazs(To. — an) (12)

Step 4: At this step, we will construct the control law u4. Define 24 = x4 — 29,

and choose V;, = V5 + %ZZ. Then, we have Vj = V5 + z4(fs + bsug), where fy(Z) =
bll'4 + d2$3 —+ bg.TliCQ -+ b4% = (Z)ZP4(Z) —+ (54(2) Slmllarly,

1 1 1 1
wfi(Z) < 55z oall* PU(Z)PU(Z) + SIE + 528 + 5ei (13)
23 2 2 2
We design uy as
1 1 . 1
Ug = b_ (—]{7424 — 52,‘4 — b42’3 + IL‘276 2[2 Z4€P P4) (14)
5
Design 6 = max{||é1||%, ||é2| %, ||¢a][*}, 0 —0,J = .J — J. Furthermore, it can be
verified easily that
: ! 1, 1, 1, 1
Vi < — Z k’ZZf + 21(1’1,@ —aq) + b423(x276 —an) + 5[% + 58% + §lg + 58% (15)

=1
1 1 - N
5 220P) Py — —220P] Py + 21 Jing

—eld® — —210P] Py — o o7

1
geit 212 A

1
ZJ?
+ 4+2

2

Then we choose the Lyapunov function as V = V, + 27{1 02 + 12 J2. And the time
derivative of V' is given by

4

1 1 1
— Z l{?zZZZ -+ Zl(xl,c — 041> + b423($2’c — O(g) + él% —+ 55% + 5[5 (16)
=1
1 1 1 1 J . ;
+2€4 + 2€5d2 263 + 5[2 + — (rgzlxld + J)
1~/ x
—0 (60— 2P P Z Py P Z PP
T ( il P 252 o 212 4)

We choose the adaptive law as

A T
0= 2[2 API P+ g 2z2 2[2

where mq, ms and [; for i = 1, 2,4 are positive constants.

~

PTP2 + — PTP4 m1é7 J = —7’221[).’51d — mgj (17)
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Proof: To address the stability analysis of the resulting closed-loop system, substitut-
ing (17) into (16), we have

1 1
Zk: -z? 21+—z2 22+—z2 24+ sng (18)

_m199 _ ngJ

™ T2

+ z1(21,c — 1) + bazg(2a,. — a)

From |z;. — a;| < p and using the Young’s inequalities, we can get z; (v1,.— ;1) <

2 4+ 4u2 byzg (29, — 2) < %;ﬂ + 23, 00 < —%2 + %, —JJ < —% + J;, and (18) can
be rewritten in the following inequality

m1§2 _ m2J2 1 2d2
2 21y t g%

1 1 1 1 1 1 1
—l2 _2 _l2 _2 —l2 _2 _2 1 b2
o o +21+2€1+22+282+24+2é4—|—4u(—0—4)

< —aV+b (19)
where a = min {2(k; — 1)/J, 2ky, 2(ks — 1), 2kq, my, mo} and b = 113 + 3 4 215 + 3¢5 +

1B+ 13+ fe2d? + M 4 mal® 4 12 (14 02). Then, (19) implies that

V S —(k’l — 1)2% - k?QZQ (k’g — ]_) — k422 —

b b b
Vi(t) < (V(to) - 5) emalt=to) CSVit) £, Vit (20)
All z; (1 =1,2,3,4), J and 6 belong to the compact set
s b
Q= {(zJ 9) |V < Vi(to) + E,Vt > to}

Namely, all the signals in the closed-loop system are bounded. Especially, from (20) we
can get limy o 22 < %b 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?i and m;.

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, = 0.159), Ly = L, = 0.0699H, L,, = 0.068H, n, = 1. The simulation
is carried out under the zero initial condition. The reference signals are taken as x4 =
{ 2(5): g;é <8, and xsg = 1. T is chosen as T, = { (1)3: S;;S %

The RBF NNs are chosen in the following way. The NNs ¢7 P|(Z), ¢t Po(Z) and
¢1 Py(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: ki = 20, ko = 36, ks = 12,
k4 = 16, r =T9 = 017 myp = Mo = 02, ll = ZQ = l4 = 001, C = 05, Wn = 5000.

Figure 1 displays the reference signal z; and x4 and Figure 2 shows the reference
signal z3 and z34. It can be observed from Figure 1 and Figure 2 that the system output
can track the given reference signals well. Figure 3 and Figure 4 show the trajectories
of u, and ug. It can be seen that the controllers are bounded into a certain area. We
can see a load torque disturbance appeared at ¢t = 5s from Figure 3. 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.
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5. Conclusion. Neural network-based adaptive command filtered backstepping approach
has been presented for 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 speed tracking error can converge to a small neighbor-
hood of the origin. Simulation results testify its effectiveness in the IM drive system.
In the future work, we will focus on the practical application of the proposed control
algorithm.
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