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ABSTRACT. This paper focuses on the problem of position tracking control of induction
motors (IMs) with parameter uncertainties in electric vehicle drive systems. An adaptive
neural networks output-feedback control method is proposed to deal with this problem.
Neural networks are utilized to approximate the nonlinearities and adaptive backstpping
technique is used to comstruct controllers. By first-order filters, the dynamic surface
solves the trouble of “explosion of complexity” problem of classical backstpping. The
algorithm in this paper ensures that all the closed-loop signals are bounded. Finally, the
simulation results illustrate the effectiveness of the proposed control algorithm.
Keywords: Induction motors, Output-feedback, Neural networks, Backstepping

1. Introduction. Induction motors (IMs) have been increasingly applied in electric ve-
hicles because of their simple and robust construction, low cost, and high reliability.
However, the control of IMs is complex due to 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]. Back-
stepping is considered to be a powerful tool for design of controllers for nonlinear systems.
However, the problem of “certain functions must be linear” and “explosion of complexity”
limit the scope of the classical backstepping’s application. In another research front line,
adaptive NNs control approaches give a system methodology of solving the first problem
lying in the adaptive backstepping method in which NNs are utilized to approximate the
uncertain nonlinear functions [4]. However, the proposed NNs controllers combining the
backstepping technology have not taken account of the case of nonlinear systems with
unknown states. To cope with this, the NNs based output-feedback was applied in induc-
tion motors [5,6] to estimate some unknown state variables which cannot be measured
directly. However, the “explosion of complexity” problem for the adaptive backstepping
cannot be solved by the above approximation-based adaptive output-feedback control.

In order to solve the above problems, an output-feedback and adaptive neural networks
(NNs) based dynamic surface control method is proposed for induction motors in electric
vehicle drive systems. The dynamic surface control (DSC) technique is proposed to deal
with “explosion of complexity” problem inherent in conventional backstepping design, in
which differentiations are replaced by low-pass filters and virtual control of each step is
composed using filtered signal. Moreover, the output-feedback is utilized to estimate the
angle speed. In addition, the NNs are exploited to approximate the unknown nonlinear
functions. The proposed NNs control scheme not only guarantees the boundedness of all
of the signals in the closed-loop system, but also reduces the number of adaptive param-
eters which alleviates the computational burden. Finally, 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 the position drive system for induction motors. The adaptive neural networks
output-feedback controllers are designed in Sections 3 and 4. Section 5 presents simulation
studies. Finally, Section 6 draws some conclusions.

2. Mathematical Model of Induction Motors Drive Systems. The dynamic model
of IMs with iron losses based on the d-q axis is displayed as follows:
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= np 2bdzqm — L
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dt - Lm qu Ller qu + dewT + Ll,,, ¢d
diqs - Rs + Rfe . LmRr idsiqm . (Lm + Llr)Rfe . 1
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The dynamic model of IMs with iron losses has been simplified in [7] as follows:
. . 1 T . T3T
T1 = T2, T2 = —=A1T3T5 — —L, T3 = biwy — boxs + b3 8 ToTg
J J Ty
. xT3x7 .
Tq4 = CllUgs — Coy + Tox7 + ng— + C4T3, Ty = d1$5 + dgl’ﬁ
5

2
x
. _ _ ~ _ I3
Te = €107 + €2CT5 — €3T6 + €4— + T3
Ts
T32y

T7 = g1Ugs — 9227 + g3 + Tay — GaT5 + G5T6. (1)

3. The NNs Output-Feedback State Observer Design. In this section, since the
state variables are not available, a state observer should be introduced to approximate
the states. Therefore, rewrite Equation (1) as follows:

X = AX+§EZ- (fi (X) +Afz-) + Dyug,

y=CTX (2)
01 0 O
. o ) 001 0
where A f=fi(X)— fi (X), X=[&1, Zq, T3, &4] are the estimates of X; A= 000 b |’
1
00 0 O

E;=10,...,1,...,0], CT =[1,0,0,0], D; = [07070,01]T_
By the approximation property of radial basis function (RBF) neural networks in [4],

we can get ﬁ (X ) oI p; (X ) where ¢; (i = 1,2, 3,4) are the estimation of the unknown
optimal parameter vector ; which are defined as

J (x16) -1 (3)]|

@i = arg min
Pi€Q Xeu,
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where €);, U; are compact regions for ¢;, X , respectively. Also the neural networks
minimum approximation error ¢; is defined by

0 = fi (X> - fz <X|%>

where 0; satisfies |0;| < g;, with ; > 0 . Rewrite (2) as
4
X =4x+Y E (fi <X) +Afi) + Dyu+ Ky
i=2

y=CTX (3)

where K = [ky, ko, ks, k4]T and Ay = A — KCT. The vector K that will be chosen should
ensure Ay is Hurwitz matrix. Then, if given a Q7 = Q > 0, there exists a positive definite
matrix PT = P > 0 which satisfies

AP+ PAy = —Q.
Applying the RBF NNs, state observer can be design as

. 4
X = 40X + Y Bfi (X1) + Diu+ Ky
=2

§=CTX. (4)
Define the observer errors e = X — X, and we can obtain the following equations with

®)) 4
é= Ape + Z E; [@?S,- (X) +0; + Afz}

=2
with ¢; = ¢; — ¢;. Choose V = el Pe, and then

4
Vo =eé'Pe+e"Pé = —e"Qe + 27 P Z E; [@?Si (X) +0; + Afz] )
i=2
By Young’s inequality, we have

4 4
2"PY [@Z& <X> + 52-] <6c”e +[|PIPY B, (8¢ + <)
=2 =2

4 4
2"PY " EAfi < (3 +HIPIPY hf) ele. (5)
=2 =2

Substituting (5) into (4), we can get

4 4
Vo < — (Amm@) —9- ||P||22h%> e+ ||P|PY Ei @ ¢ +e].

=2 1=2

4. Adaptive NNs Dynamic Surface Controllers Design. At each step, a virtual
control function «; (i = 1,2,3,4,5) is constructed by using an appropriate Lyapunov
function. Finally, the real control laws u,s and ug4s are constructed to control the system.
The tracking error variables are designed as follows:

21 =1 — T1d, R2 = T2 —Q14, <3 =T33~ Qyd, 24 = T4 — Q34
Z5 = X5 — Tsd, R — Tg — Q4d, 27 = L7 — Qpq.

Step 1: Consider the following Lyapunov function as Vi =V + %,212 , and then
‘71 == Vb + 2121 = ‘/0 + Zl((z’g — Ztld -+ 62).
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Construct the virtual control aq as a; = —A\121 + T14. Let a; pass a first-order filter
based on DSC techniques, and then we can get hidg + a1qg = a1, a14(0) = a1(0). From
the above we can get

Vl:Vo+2’1(22+(ald—&1)+@1+€2—$1d)- (6)
By using Young’s inequality zjey < + 3 le |?, then (6) can be rewritten as

: 1

i < Vo+§||€||2+2’1 (g — aq) —>\1Z%+Z122- (7)

Step 2: The second Lyapunov function may be chosen as V5 = V; + %z% + ﬁ@?@,

and the derivative of V5 is calculated as follows
ST

) ) 1 . .
Vo <V + 3 H6H2 + 21 (g — 1) — A28 + 2120 + —iZ <r2z2P2 (X) — ¢2>
2

+29 ( 23 + (pq — a2) + g + @QTPQ <X> + kgey —cig — @2TP2 <X>> :

By means of Young’s inequality, we can obtain —zo@2 P, (X ) < 122+ 1¢T 5, The
virtual controller and adaptive law are constructed as

1 . A : L A .
Qg = —Z21 — 52’2 — gOgPQ (X) — k’gel + N1q — )\222, Yo = T'QZQPQ (X) — 02P2. (8)

Then, the derivative of V, can be simplified as
. . 1 - Oy . 1
Vo < Vo + 590;%02 + r—2902T<P2 t3 lell* = Mzt = Aoz + 21 (1g — )
2

+2z9 (Oégd — OéQ) + 29%23.
Step 3: The third Lyapunov function is considered as V3 = V5 + %Z% + ﬁ@g‘@g, and
then
: . 1 .
Vo= Vo + 2323 — T—<P;7;903 < Vo — 2023 + 2923 + 23 (5124 + by (azq — a3)
3
. . PF . :
hios + G Py (X) + her = da — @1 Py (X)) + 2 (ra25P2 (X) = &4)
3
We can get —z301 P (X ) <122+ 2g03 3, by means of Young’s inequality. The virtual
controller and adaptive law are constructed as

1 1 . - . . 5 A
a3 = - (—22 — 5% o1 Py <X> — kzeq + dpg — )\32’3) 3 = T323P3 <X> — o33 (9)
1
Then V; can be rewritten as
1 o3 .
Vi < Vi — 2925 + <,03 D3+ 3(,03 p3 — /\32§ + 0123 (qvog — ) + by 2324. (10)

2

Step 4: Similarly, the fourth Lyapunov function is considered as V;, = V5 + %zz +
2—i4954T954, and the time derivative of Vj is given as

. . 1 .. . .
Vi=V3+ 2424 — 7954T¢4 < Vs —bizgzy + brzgzy + 24 (Cluqs + @ZP4 (X>
4
+k4€1 — dgd — @Zpgl (X)) + i—4 <T4Z4P4 <X> — @4) .
4
By Young’s inequality, —z4¢1 P, (X ) < 12} + 15734 Construct the real controller
1 N

Ugs = (—blzs — Mz — Py Py (X> — kqeq + d3d> , g = T323P (X) — 04y
1
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Then VLl can be rewritten as

. . 1 o 04 .
Vi<V —bizaza + 58 6a + —4so4Tso4 — A2, (11)
Step 5: Similarly, V5 =V, + = z5, and then the time derivative of Vj is given as
Vs=Vi+ 2585 = Vi+ 25 (dyxs + doxg — E5q) - (12)
Construct the virtual controller as

1 :
d_2 (—dll'5 —|— T5d — )\525) .

ay =

Then (12) can be rewritten as
"/5 < ‘/21 — )\52g + d22’5 (Of4d — Oé4) + d2252’6 (13)

Step 6: The Lyapunov function is chosen as Vg = V5 + = z6, and Vg is given as

N 2
. . T3+ e N A
Vo < Vs — dazsze + dazszg + <Zﬁé1ﬂf7 + €275 — €316 + é4¥ + (&3 + e2) (T + 63)) .
5
Using Young’s inequality,
264@363 62.T2 R 1 R 1 “ 1
. < ;53+H ell?, @sey < 2»”33+—H ell?, $2€3§§$§+§H€HQ, eses < Jle]]?.

Thus, Vi can be simplified as Vg < Vi — dozs26 + 26 (é1x7+ f6), where

ety et o . 1., 1., . e
fo = dozs + €15 — €376 + — Rk Rt N T —Gi 4 —32—dug+ |3+ = llel]?.
Ty T52 2 2 Ty
There exsit RBF NNs ¢f Ps(Zs) such that fs = ¢ Ps(Zs) + d6(Zs), where §6(Zg) is the
approximation error satisfying |dg| < 6. Consequently, we can show the inequality
1

2
_86'

1,
26+2

26f6_2l226||¢6|| P Ps + l2 5

Then the virtual control as is constructed as

1 1 1
a5 = é_l <—A626 — 526 2[2 ZG’T]P P6>

Then V6 can be rewritten as

. . 1 1
Vs < Vs — dazszs — Aezg + §l(25 + 582 + €12627

2[2 (||¢6||2 )P6TP6+5126 (Oz5d—Oé5). (14)

Step 7: Similarly, the Lyapunov function is considered as V7 = Vg + %z?, and the time
derivative of V7 can be simplified as

(2?3 + 63)(@4 -+ 64)

V7 = V}j — €12¢27 + €12627 + 27 (gluds — 9227+ g3

Ts
+(Z2 + €2) (%4 + €4) =95 + g56 — d5d> : (15)
According to Young’s inequality,
w2 < BTy e, 7 < BT

Ty 2 2

. 1A
ezeq < |\e|]2, ezeq < ||€\|27 Theq < 5% + §||€H2, h=24.
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Thus, (15) can be simplified as

Vi < Vs — @12627 + 27 (g1uqs+ f7)
There exsit RBF NNs ¢2 P;(Z;) such that
3Ty 93553

+ + _'_ g/\i + ) T + 1/\2 + 1
] €1% ga2 g ToX T
7 10 2 s Ts 233'% 21’% 2 2 2 2

There exsit RBF NNs ¢$P7(Z7) such that f7 = ¢?P7(Z7) + 57(Z7), where 57(27) is the
approximation error satisfying |d;| < e7, for given e; > 0. Consequently, we can show the
following inequality:

23 — gaxs + gsre — Cusg+4|le| [

1 1 1
2 fr < 2l2Z7||¢7|| PTP? + = l2 223 + 58?

Construct the virtual control as

1 1 1
s=— | —Arzr — = P P
Ug 7 ( 727 227 212 52717 7)

Then (15) can be rewritten as

7
Vi < Vo — Z)\zzf + z1(0ng — 1) + za(Qoq — 2) + b123 (3q — a3) + dazs (g — )
i=1
1

52 (I67P = 7) PTP,

7
+é126(asg — a5) + Z < ‘Pz ©oi + Z@T%) +
=2 1=6

+Z( 12+ 5) —H I

Step 8: Define y; = a;q — i, 1 = 1,2,...,5. Then we have

. Qg — QY . Yi
P =Qg— 0 =— ———— — & =——+ DB,
Y d I hi
where B; = —¢;. Finally, the Lyapunov function of whole system is chosen as V = V; +

Z?Zl %yf + %, with rg being positive constant. We obtain

7
i .
V<V - Z/\ 2 + 211 + 22y + bi23ys + dozsys + €126Y5 + Z ( SOZ 0 + SOz %)

i=1
1 n(:
2 2 A T T
+E ( l + 5)4‘5“6“ +7"_8( lQ GP PG 2[2 P P7)+ g yzyz (16>

On the basis of (16), the adaptive law is constructed as

T82

T ~
2[% P7P7—O'877.

h=-2 PTP6+2

l2

Then we can get

4
V<V0—Z/\Z +Z( %%—i‘ 902901)+Zly1+z2y2+b133y3
= =2

B 1 1 1 . T
+daz5ys + €126Y5 + Z (5112 + 5512> +§H@||2+Z?Jz‘yi - 777,_77 (17)
i=6 i=1 8
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|B;| has a maximum B;,, on compact set ||, i = 1,2,3,4,5, |B;| < Bj,. Therefore,
we can get

o y’ZHBH < yz+1Bg N Lo o )
PSR slidel = _721%— i T2
n hi Y h, | op iV Ty A=Y
T =T ~
=T = ~ ol o PP T A - n'n 0N
Gl e =@l (pim) < 757 = 252 i =i (g — i) < 5 - o

According to (17) and (18), we can obtain

5
Vs—(mm< ) —9—[|P|]” th )eTe—Zw—l)z?—A?z?—Aﬁzé

=1

/2 (11 1
—Z 9 _ Ta-S (Lo (2o ley) -t
(27’z || ) sz PYi — pa <hz (4 + 27_ M yz 277 ( 9)

+= n+za’%%+2( 17 + 5)+||P|| (5% + 5% +&5?) < —aV +0.

where Auin(@) =9 = § = |[PIP Sy 2 > 0 and £ — [|P|P = 1 >0

Amax (P)

s , 1 o4 , L (2 (1 1,
oy (= —|IPIP==) e —|IPIP =22 (22— (= +—B
Tz(% ||P]] 2), oy IPIF =5 (hﬁ (4+27 M

4 T
O-iz' 7 1 5
b=1IPIP (5 +&57 +e) + ) o Z( i s?)*gnugT
i=2 ¢

i=6

Amin (@9 PII2 3 2
a = min =2 ,2(/\1 - 1)72()\2 - ].), AN 72()\5 — ].), 2/\672)\77

where k = 1,2, 3,4,5. Furthermore, (19) implies that

b b b
Vo (t) < (Vn(to) - —) e~ a=10) 1 2V (o) + =, Wt > . (20)
a a a
The solution exists for ¢ € [0, 00), so we have
2b
lim |z1| <4/ —. (21)
t—o0 a

By choosing the suitable parameters, the tracking error z; can converge to a small area
of the origin.

5. Simulation Results. In order to illustrate the effectiveness of the proposed method,
the simulation is run for the IMs with the parameters: J = 0.0586kgm?, B = 1.158 *
107®N-m/(rad/s), Rs = 0.1Q, R, = 0.15Q, Ry, = 309, L1s = Ly, = 0.1H, L,, = 0.068H,
n, = 1. The simulation is carried out under the zero initial conditions. The RBF NNs are
chosen in the following way. The NNs ¢! P;(Z) contain eleven nodes with centers spaced
evenly in the interval [—9, 9] and widths being equal to 2. The reference signals are taken
as r14 = 0.5sin(t) + 0.3 sin(0.5¢) and x54 = 1. The proposed adaptive NNs controllers are
used to control the induction motors. The control parameters are chosen as: \; = 30,
)\2 = 1, )\3 = 15, )\4 = 85, )\5 = 325, /\6 = 30, )\7 = 50, rg = Trqy = Ty = Ty = 005,
l6 == l7 == 025

Figure 1 shows the tracking performance of © and x4, and Figure 2 displays the
trajectories of ¥, and ws4. Figure 1 and Figure 2 show that the given signals can be
tracked very well by the method proposed in this paper. Figures 3 and 4 show the curves
of ugs, ugs. It can be seen that the controllers are bounded. According to the above
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simulation results, we can conclude that the proposed controllers can track the given
signals very well even under unknown states and uncertain parameters.

6. Conclusion. In this paper, adaptive neural networks output-feedback control algo-
rithm has been introduced with parametric uncertainty. Neural networks are applied to
approximate the unknown nonlinear functions and the output-feedback is designed to es-
timate the unmeasured states. Furthermore, the problem of explosion of complexity can
be avoided by employing the first-order filters. Simulation results testify its effectiveness
in the IMs drive systems.
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