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High-performance tracking control is essential for permanent magnet synchronous motors in the perturbed environment. Given
this, a new hybrid controller is proposed in this study for a permanent magnet synchronous motor with load disturbances as well
as time delays. First, a new prescribed performance method is proposed to achieve the full-state performance constraints with load
disturbances. Second, a time-varying filter is proposed for the first time to avoid the “complexity explosion” problem of the
backstepping method while guaranteeing the convergence of the filtering error. Third, by combining Lyapunov-Krasovskii
functionals with adaptive neural networks, the time-delay disturbance and unknown nonlinear dynamics of the control system
have been solved. The stability analysis proves that all signals in the closed-loop system are bounded. To show the effectiveness of
the intelligent controller, the comparison simulations are given to confirm the advantages of the proposed adaptive neural control

scheme.

1. Introduction

Owing to the advantages of small volume, high efficiency,
and reliability, permanent magnet synchronous motors
(PMSMs) are broadly adopted in various industrial appli-
cations [1-4]. However, PMSMs are nonlinear coupling
systems making the controller design more challenging
[5, 6]. Recently, increasing control methods have been
constructed for PMSMs, such as sliding mode control
[7-10], adaptive fuzzy control [11-13], adaptive neural
network control [14, 15], and backstepping control
[4, 16, 17]. Even so, the preceding methods rarely focus on
the tracking issue of the PMSMs with uncertain non-
linearities, full-state constraints, and time delays.

The system with uncertain dynamics is very difficult to
control by traditional methods [18, 19]. Recently, neural
networks (NNs) are popularly adopted to learn uncertainties

in the control system [20]. Furthermore, the backstepping
methods are systematic and powerful tools to integrate fuzzy
logical systems or neural networks [21-24]. For these rea-
sons, this study employs the backstepping framework in-
corporating neural networks to design the controller.
Nevertheless, backstepping-based strategies are susceptible
to the “explosion of complexity” produced by the iterative
derivations of virtual control laws [11]. To solve this issue,
the dynamic surface control (DSC) is constructed by
employing the first-order filters in the works of Yu et al. [25]
and Gao et al. [21]. To eliminate the effect of the filtering
error on the system, compensation signals are introduced in
the work of Yu et al. [26]. The conventional DSC methods
require eliminating the effect of the filtering error, which
makes the controller more or less complex. Thus, a neuro-
learning-based dynamic surface control is considered in this
study using a time-varying filter and radial basis neural
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networks (RBFNNs) to solve the “complexity explosion”
problem and ever-presenting uncertainties.

Additionally, full-state constraints are often taken into
account for practical PMSMs to ensure safe operation and
control performance. Regarding state constraints, significant
achievements have been implemented, such as barrier
Lyapunov functions (BLFs) [27, 28] and prescribed per-
formance control (PPC) [29-32]. Among these methods,
PPC is regarded as a promising method to enhance the
tracking performance of the system. For example, in the
works of Dai et al. [9], Jia et al. [33], and Hua et al. [32], the
traditional exponential performance function has been
adopted to ensure the prescribed performance of the sys-
tems. The work of Wang and Hu [34] considers the high-
frequency changing of the reference signal by presenting
a hyperbolic-cosecant-type performance function. Back-
stepping control decomposes complex nonlinear systems
into multiple simpler and lower-order systems by in-
troducing virtual control. The states in the subsystem need to
track the virtual control law, which means that the pre-
scribed performances of the subsystems are important.
Furthermore, external load perturbations may degrade the
tracking ability of the PMSM system so that tracking errors
may exceed the constraint bounds. However, the full-state
prescribed performance and the effect of load oscillations
have rarely been considered in previous works. Therefore, it
is another motivation for this study to study the full-state
prescribed performance tracking control with external load
effects.

Apart from the challenges mentioned previously, an-
other noteworthy concern is the impact of time delays in the
regular controller design, which may cause instability or
damage to the system [35]. To compensate for the time
delays of control systems, the common tools are Lyapu-
nov-Krasovskii functionals (LKFs). For instance, in the
study of Wang et al. [31], LKFs are established to eliminate
the delayed states for nonlinear systems. The unknown time-
delay terms of pure-feedback switched systems are com-
pensated by LKFs in the work of Niu et al. [36]. Although the
preceding studies can effectively deal with time delays and
enhance control performance, they are not currently con-
sidered in the prescribed performance control of the
PMSMs. Therefore, this study prefers to deal with time
delays for the PMSM by constructing appropriate LKFs.

Motivated by the former discussions, a neuro-learning-
based adaptive prescribed performance control (NPPC) is
proposed for the PMSM with full-state constraints and time
delays by the DSC method. Compared with the existing
results on controlling the PMSM, the major contributions in
this study are concluded as follows:

(1) Compared with references [9, 32], this study pro-
poses a novel performance control scheme, which
can ensure the full-state performances of the system
with external load disturbances

(2) Unlike the conventional backstepping methods
[21, 26] employing the first-order filter, this study
proposes a time-varying filter for the first time, to
solve the issue of “complexity explosion” while
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guaranteeing convergence of the filtering error and
faster filtering speed

(3) An adaptive-neuro-learning tracking controller for
the PMSM with time delays is proposed, in which the
unknown nonlinear dynamics of the system are
approximated by constructing the RBFNNS, and the
weights of RBFNNs are adjusted online by the
designed adaptive laws

The remainder of this article is organized as follows.
Section 2 delivers the statements of problem formulation
and preliminaries. Section 3 provides the detailed controller
design process. Section 4 presents the stability analysis.
Simulation results are provided in Section 5. Finally, the
conclusions are presented in Section 6.

2. Problem Formulation and Preliminaries

The dynamic mathematical model of the PMSM [14] ind — g
rotating coordinates can be expressed as

do 3
e

do 3 . .
]E = Enp((Ld - Lq)zdzq + (pfzq) - Bw — xp,

1 (1)

L % =-Rji, —L

aqp - Nslq T RalpWPs + g

di, ) .

LdE = —Riig — Lyn,wiy + uy,

where the parameters are listed in Table 1.

For simplifying the dynamic mathematical model of the
PMSM, we define variables x; = 0, x, = w, x5 = i, x, =iz
Then, taking time delays into account, (1) can be rewritten as

[ %) = x, +x, (X, (£~ 01))s

. X _
Xy =a1Xy +a;X3 +asx;x, — % + 12 (X, (t - 0,)),

- X3 = byxs + byxy Xy +byxy +byuy + ), (%5 (t —03)),

[ - Xy = 10y + 6X X5 + g + Xy (R (E = 04)),
(2)

where X;(t) = (x,(t),---,x; ()" € R,i=1,---,4, (%
(t —o0;)) represent the time-delay terms, o; are positive
constants, and a, = —B/J,a, = 1.5n,¢/],a; = 1.5np (L, -
L)/J,by = —RJ/Ly by = ~Lyny/L,by = —n,¢ /L, by = 1/
Lyscy = —Ri/Ly,cy = Lyny/Ly,c3 = 1/L,.

This study aims to devise a neuro-learning-based
adaptive prescribed performance controller for PMSM
system (2) to guarantee the following:

(a) The output signal x; follows the reference signal x,
asymptotically
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TaBLE 1: The denotations of parameters for the PMSM.
Parameters Denotations Units
0 Rotor angular rad
w Rotor angular velocity rad/s
i q — axis current A
ig d — axis current A
u, q — axis voltages \%
Uy d — axis voltages \%
n, Pole pairs
J Rotor moment of inertia kg - m?
B Friction coefficient N/ (rad/s)
oy Magnet flux linkage of inertia Wb
Rg Armature resistance w
XL Load torque N-m
L, d — axis stator inductance H
L, q — axis stator inductance H
(b) The tracking errors of all states are limited to the V(x)< —aV(x) +b,t>0, (4)

given boundaries

(c) The stability of the system is minimally affected by
time delays, and the boundedness of all signals in the
closed-loop system is guaranteed

To effectively implement our controller design, the
following assumptions and lemmas are presented in
advance.

Lemma 1 (see [37]). For arbitrary continuous function
h(C,.... () R™Mx.-. xR™ — R fulfilling h(0,...,0)
=0, in which {; € R™,j=1,...,n, there exist smooth-
positive  functions (Dj((j): R™ — R such  that
(e EN X0, ().

Assumption 2 (see [38, 39]). The uncertain nonlinear time-
delay functions y;(-): R® — R(i = 1,---,n) satisfy the fol-
lowing inequalities:

|y; (; (t—a,))]sS,-ihjj(xj(t—aj)), (3)

j=1

where hij ()G@=1,---,n,j=1,---,n) are unknown positive-
continuous functions and 9; > 0.

Remark 3. According to Lemma 1, we know that if
h(¢y,..5C,) =x; (x;(t—0;), then |y, (t—0))l< Z}:l
Q; (xj (t- cr]-)). Because Sihij (xj (t- 0]-)) are positive-
continuous functions, we can choose the function @ (o (t -
g;)) as of (x;(t-0,) = 91hij (xj (t- aj)). Therefore, com-
bining with Lemma 1, we can conclude that the assumption
of inequality (3) is reasonable. The same assumption can be

seen in the work [38].

Assumption 4 (see [40]). The reference signal x,; and its n-
order derivative x; ™ are continuous and bounded.

Lemma 5 (see [41]). Given a nonlinear system x = f (x), if
there exist a smooth-positive definite function V (x) and some
scalars a>0, b>0 fulfilling

one can get that x(t) is uniformly bounded.
Lemma 6 (see [42]). For Y (g,¢) € R?, the relationship holds
1, 5 1 =
c<=lpl” +=lql, (5)
© p © q
in which @, ¢, p,q are real quantities and 1/p + 1/q = 1.

Lemma 7 (see [43]). If ®(Z): R1 — R is an unknown
continuous function on a compact set Q,, there exists
RBFNNe s (seen in Figure 1) that @ (Z) can be approximated by

o (2)=0"y(2), (6)

where Z=[zy,2),-,2,] €RT is the input vector,
0=10,,0,...,0]" € Rl is the ideal weight vector with the
node 1>0, and y(Z) = [y, (2), l//z(Z),---,I//l(Z)]T is the
basic function vector, and the Gaussian functions are adopted
as the basic function

(Z - P‘i)T (Z-w)

v (Z) = exp
where p; = [yil,u-,yiq]T is the center of the receptive field
and b; is the width of the Gaussian function. By installing lots
of hidden neurons as ®(Z) = 0" ®©(Z)+ 9, ®(Z) can be
approximated online with any precision via RBFNNs, in
which the error § can be tuned very small by adopting the
ideal weight vector 0* = [67,0;,...,6;1" as

0" = arg min{ sup |CD(Z) - G*TI/J(Z)| ]» (8)

WeR' | xeQ,

Remark 8. Noting that there are unknown-nonlinear func-
tions within (2), which hinder the controller design, the authors
in [44] show that neural networks can evaluate nonlinear
functions with arbitrary precision. Due to the advantages of
simple structure and good approximation ability, this study
introduces RBFNNSs to deal with nonlinear functions.



FiGgure 1: The structure of RBENN.

Then, define

2
*
01’

@.:

1

; (9)

where [0 is the norm of 6;.
A

Let ©; be the estimate of thg ©,. Then, the rorresponding
estimation error is ®; = @; - ©®; and O, = -0,

Remark 9. In order to save computational resources and
obtain a relatively simple controller, we estimate the squared
value of the weight norm of RBFNNGs.

3. The Control Design

3.1. The Full-State Prescribed Performance. The error sur-
faces are defined as

€ =X~ X

e~:xi—ai_1, i:2>3: (10)

1

€y = Xy

where the variables ;_; are given later.

To achieve full-state prescribed performance control, the
errors in (10) are constrained strictly in the predefined
domains as

—Sv(t)<e; <Ov(t), i=1,---,4, (11)
where §, § are positive constants that can adjust the upper
and lower bounds.

Unlike the traditional PPC in references [35, 36, 38],
a new prescribed performance function is constructed as

() = (Vig = Vieo) (Kt + e)_”t + Vo, + &, tan h(fJTLZ),
(12)

in which Xy is a continuous function about external varying
loads and p, k;, v, V00> €5, €3 are positive constants. When
there is no external load disturbance, i.e., ¥ =0, the
maximum overshoots of e;(tf) are limited in the sets
(879> 8 v;), and the maximum permissible ranges of e; (¢) at

the stable state are the interval (—dv,,d Vieo)-

ico’ i

Remark 10. We have improved the traditional PPC in

[35, 36, 38], in which the performance function is chosen as

v(t) = (Vg — v ) P + V. (13)
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First, the terms (x;t +e) ** are designed to enhance the
convergence rate greatly by tuning the positive parameters
«;. Then, the influences of external load perturbations on the
prescribed performance of PMSM are considered, and an

adaptive compensated term ¢, tan h (¢ 3?TLZ) is constructed
to resist the load oscillations by adjusting the predefined
boundaries automatically. Therefore, the designed perfor-
mance function has a wider application value.

Subsequently, let us define the coordinate trans-
formations as

1, [S+elv,
S o=—In| S5 ) i, 4,
Si=5 n((?—e,/%-) i (14)

where the error convert functions J; depend entirely on the

variables e;/v;.
The derivatives of J; are

S =7\,.(é,.—5»i>, (15)

where

WY (- 16
P 2 VIS+ ei vi é_ei ' ( )

Remark 11. From (11), we know that the inequalities
—d <e;/v; <8 hold. Based on (14), the value domains of
variables ; are (—00, +00). Thus, the constrained problems
are transformed into equivalent nonconstrained ones. In the
controller design, if we ensure that J; € R are bounded, the
error constraints (11) will always hold.

3.2. The Time-Varying Filters. Define the time-varying
filters and the filter errors as

@ Pa + @ = 0,7 (0) = ;(0), i=1,2, (17)

Y, = -aq, i=1,2, (18)

where «; are the inputs of the filters which are the virtual
control laws given later, the variables w; are outputs, and
®;, B are the positive design constants.

Lemma 12. The filters (17) are low-pass, and the filtering
errors (18) converge asymptotically to zero.

Proof. First, we analyze the filtering characteristics of the
proposed filter from the s-domain. Applying the Laplace
transform to the equation (17), one gets

®; (s + B, (s) + &; (s) = a; (5), (19)

where s = jw + 0.
Thus,

o; (s) 1 (20)
o

() @ tp L
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From (20), we know that the filters work when s — 0.
When s — o0, the filters are disabled.
Then, by combining (17) with (18), we have
Y, = (Diefﬁ ‘@

i —

- (21)
As a result, we get lim,_, Y, =0.
According to the above analysis, we have completed the
proof of Lemma 6. o

Remark 13. Compared with the conventional first-order
filter [3], the proposed time-varying filters enable faster
filtering, and the tracking error is asymptotically converged
to zero.

3.3. The Backstepping Controller Design. In this section, by
integrating the dynamic surface method and RBFNNs into
the backstepping framework, we have constructed the full-

Step 14. Select the candidate Lyapunov function as
1 2 1 ~ 2
Vl = 551 + 2—7]161 + Zl’ (22)

where 5, >0 and Z, = 9, I;_U hy,? (x, (0))do.
Calculating the time derivative of V, leads to

Vv, =5,8, - %@lél F92 2 (x,(0) -9 h2 (x,(t-0,)).
(23)
Based on (10) and (18), one has
ér=e+ Y +a +y (x (t-0))) - x4 (24)

Combining (15) with (24), we obtain

. . e,
S, = 7\1(62+Y1 +ay+ (% (t—‘71))—xd—v17’1)-
1

state prescribed performance control scheme for the PMSM (25)
with time delays. The framework of the controller is shown
in Figure 2. Substituting (25) into (23) generates
. _ . er. 1. A 2.2 212
Vi=KSi| e+ Y +a +x (% (t_al))_xd_v_vl _11_®1®1 +90 hyy (o (0) =97 hyy (x4 (t = 0y)). (26)
1 1
According to (3) and Young’s inequality, we obtain Substituting (27) into (26) yields
r _ 1 2
Sih (% (t-0y)) S1(317\1) +90 hiy (%, (t-0y)),
1 1
1 A8, <=(A,S,)" +=¢,
2 2
1 2 Lo
AISIYI SE(AISI) + EYI
(27)
; : 5 1, 1 1~ A
V<A S o — gy — 2y )+ 2 (RS)2 + oY 4 ey’ — —8,0, + 9K, (x, (1)), (28)
v, 4 2717272 Ty
Define the nonlinear function @, (Z,) as Then, (28) becomes
1 1 . . ey, 5
(D1 (Zl) =ﬁHl +ﬁG1, (29) V1S31A1®1(21)+317\1<“1_xd_iv1>+i(slf\1)2
T 272 2 (30)
where Zl = [xl’ 51, 7\1] N H1 = ‘91h11 (xl ), Gl = ‘91 1 A

.[:—‘r h}, (x,(0))do, and o, <.

1 2 1 2
+=Y]+-e,” -G, ——0,0,.
2 2 m
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PG G =
[ @,e a2+a2—a2J

] |
| | 32%@ T ~ = eV Xp I
| I |
T
| | O =2 (@) vl (a(2)- i) |
|~ : | : |
| [ 0, =2n_;’(34}‘4)2'/’1(24)%(24)77745484 ) | I i _1| - 3 =%ln[i+€2;\12] I
- —e /v
| l ||H|RBFNN2| . 11 2 21
= 2 - | 2 K, =— _
e ] | S s

_————————— — — — — — —

— — —— ——— — — — — — — —| —

{ me e +a@ =q

34:1111 l+e, /v,
2 \l-e /v,
1 1 1
A== -
2\v,+e, vy—ey

I

@4 = 77_4(34714 )2 W4T (24)'//4 (24 ) - 774§4C:)J
2p,

7~ e 1 . A .
71‘“7{'1 *L*Z_“@@l'/ﬁr (Zl)‘//l(zl)eruj

Vi P

l d L l+e /v
l1-e /v
1, kS, 3. A
Uy :)_(*%*5“4}‘4 —— 38,0, (Z)v,
[ 4 4 v te

FiGUrE 2: Overview of the control framework for the PMSM.

From (29), we know that @, (Z,) is an unknown con- ®,(Z,) =6, *T% (Z,)+6,(2), |51 (Z1)| S31- (31)

tinuous function on the compact set 2, . Based on Lemma 7,
it can be approximated as Via Young’s inequality, we get

S17\1(91 *T‘lfl (Z,) +6, (Zl)) = |517\1|("91* ¥ (Zl)” +Sl)

(32)

1 1 1-
S2791(517\1)2611/’1T (Z)y, (Z)) + % + 5(517\1)2 + 561’

where p, is a positive constant. Taking (31) and (32) into (30) generates



International Journal of Intelligent Systems 7

. .oe. |
Vi <SA| o - x4 -9, +f(~517\1)2®11//1T(Zl)V/1 (Z)
"1 2P

: (33)
7 , 1~ A 1 1 2
+Z(817\1) —a®1®1 +5ez2 +5<Y12 +p +6 ) -G,
N
Construct the adaptive law ©, and the virtual control law
a, as
&, = (5,8 )0 (2w (2 6 (34)
1 —5(‘51 Vv (20 (Zy) - mé,0,,
1
kS, 7 1 ~ 7 e, .
a =- 17\1 : ‘2817\1 - 2_1)1517\1@)1% (Z)y1(2y) + ;—11*' Xd> (35)
A
where k;, £, are positive constants. Combining the definition of ®, with Young’s inequality,
Substituting (34) and (35) into (33) produces one obtains
. 1 A1, 1o 1 A _ 1 1
V, < —k1812+EYf+£1®1®1+Ee§+581+5p1—Gl. ©,0,=0,(0,-96,)< —5®1+5®f. (37)
(36) Inserting (37) into (36) yields
. 2 1 ~2 1 2 1 2 1 2 1 -2 1
Vl < - klxc}l —E 51611 _Gl +§Y1 +5£1®1 +§ e, +E 61 +Ep1. (38)
Step 2. The candidate Lyapunov function is designed as where Z, = 9, Z§=1 J;U‘ h, jz (x;(0))do and 7, >0.
1, 1 - The time derivative of V, is
V2 = Vl + 532 +2—1’]2®2 + Zz) (39)
; ; : 1o A re, 2 2%
V,=V,+5,3, - ,1—@)2@2 +95 Y byt (2, (0) = 8 Yy P (x(t - o). (40)
2 i =1
Integrating (10) and (18) and the second equation of (2),
we have
. X _ =
€, =a,x, +(ay — 1)x;3 + azx3x, — % +x, (X% (t—0y))+es+ Y, +a, —@,. (41)

Fusing (15) and (41) into (40) yields
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. 2 2
Va=Vie 80,8 Yy (5 (0) - 8 Yt )

=1 =
(42)
o~ XTL — = e
+ SoA, | a1x, + (a, — 1)x3 + azx;x, N +x, (X (t—0y) +es + Yy +ay —; ——5 |
V2
Based on (3) and Young’s inequality,
; . i 5
_ 2 2
SR (T (£ = 02)) <5 (Sh,) + 8 ) Iy *(x,(t - ),
=1
1
Srhse; <= (Soh,)" + 5‘% (49
1 , 1,
\c}zAzYz SE(SZT\Z) +5Y2.
Inserting (43) into (42) results in
. . e,V
V<V, + 527\2((11962 +(ay — 1)x;3 + azxsx, — % ta,-a — ﬂ)
L)
2 2 . 2 (44)
e Y 1A~ 3
+ 242 - —8,0, + > (SH8,)" + 95 Y by (x, (1),
22 g, 2 Fe
Construct the function ®,(Z,) as where  Z, = [x, Sphne)’, G, = 9222§:1 J-i—r h2j2 (x;
1, H, 1 (0))do, and H, = 9,°Y>_ b, > (x, ()
D,(2,) =a,x, - e + + G,, 45 J 2 = V2 Lj=1thj (X (L))
2(%2) = arx, 23,A, 2 SHA, 527\2\12 (45) Thus, (44) can be rewritten as
L 1~ A . P
V, <V, + S50 (Z,) - —8,0, + 3’27\2<(x2 —d 22 @> + 527\2<ﬁ - 1)x3
P V) J J
a,x;x, 3 1 1 1
+ Gk, +5(527\2)2 —SG 56+ -Gy (46)

©,(Z,) =6, "y, (Z,) +6,(Z,),16,(Z,)| <8, (47)
From (45), we know that ®,(Z,) is a continuous 2(22) = 6,7 92 (22) + 8,(2) | 2 2)| :

nonlinear function on the compact set €2 . Similarly, based Like (32), we have
on Lemma 7, we can approximate it as

. 1 1 I
327\2(62 Ty, (2,) + 9, (Zz)) = 2p (S,R)0,u," (2,)v,(2,) + % + E(JZAZ)Z + 552’ (48)

2

where p, is a positive design constant. Substituting (47) and (48) into (46) leads to
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S 1 eV, X
Vo<V +5—(8:8)°0,0," (2,)y,(2,) + 527\2<(x2 —oy -2 TL)
2p, ) J

8]

1~ A 1-2 1 1
-G, +2 (327\2)2 -—0,0, + 5622 - —ez2 + e,

M2 2 2
1,2 ~ a, aA,X3X4 1
+ EYZ + S,A, 7 1 )x; + i +2Pa. (49)
N
Then, construct the adaptive law ®, and the virtual
control law «, as
A M (e 5 \2., T A
0, = 5(027\2) vy (Z22)y2(2;) - 1,6,0,, (50)
2
k,3 1 A . P
o =— 27\ 22 280A, - (S0A,)0,0, (2,)v,(Z) + @ + a% (51)
2 2p, 1) J
where &,,k, are positive constants. Similar to (37), we can obtain
Integrating (50) and (51) into (49) gets A -, 1
5 0,0,< --0, +-0,". (53)
T X - A 1.2 1 2 2
V,<V, —T—TA—GZ +§,0,0, +-5, +-p,
2 2550 2 2 Fusing (38) and (53) into (52) generates
1 1 1
ereler iy m((g - 1)x3 ; T)
(52)
2k0212~22 12, 12 ,
V,< —; S - ;@)2 —;G, +3 ;Y, +3 ;5,@2
(54)
1 1&<2 1 2 a a,X3X
+5;Pl+§;5; +285 +585k 71 1)x; + 2]3 4
Step 15. Adopt the candidate Lyapunov function as where 7, = 9322§:1 J i—oj h3j2 (x;(0))do and 75 is a positive
V=V, + 1532 + L@; + 7, (55) constant to be designed.
2 213 Then,
; ; . 1A 1y, 2 v, o
V=V, + 5,3, - ﬂ—®3@3 +95° Y ki (x;(0) = 95 ) by (x(t - 0))). (56)
3 = =1

€3 = byxs +b,%,%, + byx,y + byuy + x5 (X5 (t - 03)) - @,

Based on (10) and (18) and the third equation of (2), one (57)

gets
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Substituting (15) and (57) into (56) yields

. . . ey
Vy=V,+ 837\3<b1x3 +byXyx, + byxy + byt + x5 (%5(t—03))—@, — ﬁ)

International Journal of Intelligent Systems

V3
. (58)
1~ A 1w 2 i 2
=005+ 9,7} Iy (x; (1) =957 Y ha(x,(t - 7)),
3 =1 =1
Combining (3) with Young’s inequality, we have Inserting (59) into (58) leads to
- 3 :
Sahsxs (%5 (t - 03)) < 1(537\3)2 + 93Z Z hsjz(xj (t- 03)) (59)
=
; ; ey
Vi<V, + 83hs| byxs +byxyxy + byx, + byuy — a0 — o
3
(60)

1- A 3 3
_ 17(93@3 + Z(537\3)2 +95 Yy (% (0)).
3

Define the function @5 (Z;) as

2
€3 + Hj + G;
2358, S5A,

®;(Z;) = byxy + byx, + , (61)

33As
where  Z; = [xz,x3,e32,3 ’7\3]; G, = ‘9322?=1 Ji_r h31'2
(x;(0))do, and Hj = 95 Zj:1h3j (x; (1))
Therefore, (60) becomes
. . 3
V3 <V, + G3A05(Z;) + b, F5Rx,x, + 1(337\3)2
) (62)
1~ A
+ S3hsbyu, — ,-8:0: -G
3

=i

From (61), ®5(Z;) is a continuous function on the
compact set Q) . Thereby, based on Lemma 7, @5 (Z;) can be
approximated as

©;(Z;) = 03*T1//3 (Z5) + 65 (Z3)>|83 (Z3)|533~ (63)

By Young’s inequality, we obtain

* 1 o~ 1 ~ 1—
537\3(93 Tyy(25) + 65 (23)) < 2p (S5R) 05u3" (Z5)v5(Z3) + % + 5(637\3)2 + 583> (64)

3

where p, is a positive constant to be designed.

Bringing (63) and (64) into (62) yields

. . 5 1 9
Vi<V, + 1(537\3)2 + a(s37\3)2®3‘/’3T (Z3)v3(Z5) + 1(337\3)2

- 1A 1o
+Sshsbu, - ’7—®3®3 +50 —Gy -
3

A
Next, design the adaptive law ®; and the actual control
u, as

(65)
ey’

>
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2 2
A ;1 A (S
©s = i(537\3)2%T (Z3)y3(Z3) - 136503, V < Vz +¢,0, ®3 Tt _p3 63 = Gs +5,35h00x,.
3
(66) (68)
. Similar to (37), we have
1 kS5 A" 5 ~
uq=_<_3_"3_93 l,,3(23)__337\3+@+oc2>, 1
b\ A 4 73 ®3®3_ ——@)3 + ®3 . (69)

(67)

Substituting (54) and (69) into (68) obtains
where &;, k; are positive constants. g (54) (69) (68)

Taking (66) and (67) into (65) generates

3 3 2
Vi< - Z;kii‘s’,z Z 1@32 +3 Z 0, - ZGi + Z%Y ’
i:l i=1 i=1 i=1

(70)

la—2 1¢ a a,xX3X
+EZ<5, 52 P; + b, S5R0,x, + SHA, ((%—1)x3+ 2]3 4).

i=1

Step 16. The candidate Lyapunov function is constructed as ~ where Z, = 9422;1 J;ﬂ‘ h4j2 (x;(0))do and 7, is a positive
constant. !

1 ~
V,=Vy+ —\54 2 @)42 + 2, (71) The time derivative of V, can be indicated as
4
; : : 1 A e, 2 2% 2
Va= Vst 848, =0 0,0, 49, 20" (x,(0) =95 Y by (x(t = 0)): (72)
4 j=1 j=1
Integrating (10) and (15) and the fourth equation of (2), Substituting (73) into (72) leads to

S M(Clx“ + CpXp X3 + Cthg + xy (%4 (- 04)) = x;iu).
4

(73)
. . - X4y
V= Vi Suhg| cxy + 63005 + c3tay + x4 (%4 (t — 04)) = Y
4
(74)
1o A iv g, 2 iv g 2
-—0,0,+ 9, Y b (x;(1) - 9.2 ) by (x;(t - 0y)).
M4 j=1 j=1
X4V,
Combining (3) with Young’s inequality, we get Vi<V + Sl exy + 6200 + eyt — "
4
(76)

4
Sihuts (%4 (£ - 0,)) < (Suh,)" + 9,7 Y oh(xi(t-0)))
= (it =) +(S,A,) - . ®4®4+9 2Zh4] (x;®).
(75) =
Inserting (75) into (74) yields Introduce function ®4(Z,) as
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Soh, ((ay a,X3%, L 1 , 1< A
Oy (Zy) =axgtoxxt— |71 s +——— Vi<Vi+ Sl (94(Zy) + c3u4) +5(S4hy)" - —0,0, -G,
SA T 2 M4
(78)
b, 33, G, H,
Ty Mt g it where ®,(Z,) is a continuous nonlinear function on the
4y g By
(77) compact set (), . Based on Lemma 7, ®,(Z,) can be ap-
proximated as
_ S T _ g2y 2 -
where Z, = [x2>3§3’f4’ }4:, Yy “22’ @], Hy =9, Zj:1h4j (x; ,(Z,) =0, *TI/’4 (Z4) +8,(Zy), |‘S4 (Z4)| <0y (79)
(), and G, = 9,°Y ., |, hy;” (x;(0))do. L .
Hence, (76) can Jbe rtevzrrit{ten e{s By Young’s inequality, we have
* 1 2 p 1 2 1- 2
347\4(94 Ty, (24) + 6, (Z4)) < 5(547\4) O,y (Zy)vy(Z,) + 74 + 5(547\4) + 554 > (80)
4
A
where p, is a positive constant. Construct the adaptive law ©, and the actual control u,
Substituting (79) and (80) into (78) leads to as
. . 3 2 1- 2
VysVi+ 5(547\4) +0,y," (Zy)vy(Z4) + 554
(81)
- 1 1A
+ S Mcuy +-py ——0,0, -G,
2 N4
;\ ;14 ~ 2 T N
0, = 5(047\4) Vi (Zo)va(Zy) — 148404 (82)
4
1 k.S 3 1 A T e,V
Ug = o (_ ;4 - 5547\4 - 2—1)4547\4@4‘//4 (Za)ya(Z4) + %)’ (83)
2 5 1 Lo« 1 &2
where &,, k, are positive constants. Vy< - Z kS, - > Z 0; - Z G; + > Z d;
Inserting (82) and (83) into (81) yields i=1 i=1 i=1 i=1 (86)
Vi<V, +op, +53, 16,6,-G (84) 1d 18 2]
4SV3topy+-04 ——0,0, -0y 2 2
2 2 Ny +Ezpi+izgi®i +ZEY1- .

Similar to (37),
~ N

1~ 2 1 2
®4®4S —564 +§®4 .

Fusing (70) and (85) into (84) generates

(85)  Remark 17. By constructing suitable Lyapunov-Krasovskii
functionals with RBFNNS, the time delays and the unknown
nonlinearities in the system are finally eliminated effectively.
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4. Stability Analysis

For V¥ >0, define the compact sets as

~2

m

Theorem 18. In this study, we have constructed the adaptive
laws (34), (50), (66), and (82) and the control laws (35), (51),

13

- 0
(Spengzsf+—l+2zlszw},

(87)

= ) I P 2 2&
V=IYsieY o 8+ Y Y [ 520m (S )

i=1 i 21 i=1 j=17 t-9;

(67), and (83) for the PMSM (2) subject to conditions (11). If (88)
the initial conditions fulfill Q;,i=1,...,4 and —§v;(0)<e;
(0) < 87, (0), then all control aims will be achieved. From (86), we have
Proof. Construct the whole Lyapunov function as
V< —ik%z—li@2+li£®2+li52
= o 25" 25 o 23 i
(89)
1¢,: v 2 Si . 2 Si
+5 ;Yl —;tanh h—1 G; +; 1 —2tanh h_z H;
-G;< - Z; (90)
Because Vo;<7,j=1,---,4, it is evident that
[t - o; ,t] € [t — 7,t]. Thus, we get Inserting (90) into (89) gets
4kt"214~214 24124 14(_3
V< =Y KS, —EZ®,+§Z 09, +ZZY1 Yz +§Z ; (91)

Then, V can be described as

V< —aV+T,, (92)

where I = (Z;Siz + Y802+ Y Y2 and
a, = min{k;, §;/2,5/2}.

We know that lim, , V =Il/a,, where II = max
{I1,,11,, I1,}. Hence, V is ultimately bounded, which assures
the boundness of Y, Y,, T, é and Zl S (U)hJ,(J (0)),

i=1,---,4. According to (14), J; are functions about the

i=1 i=1 i

I
—_

variables e; and v;. As v; are bounded-predefined functions,
e;,i=1,---,4 are bounded. From (16), it is clear that A, are

A

bounded. The boundedness of ®; can be assured based on
the boundedness of ®; and @, According to (35) and (51),
we can further conclude that ., ay, &y, &, are bounded,
which means that @, @,, @;, and @, are also bounded based
on (17) and (18). Combining Assumption 4 with (10), the
boundness of x;,i = 1,---,4 can be obtained. Therefore, we
can conclude that all signals in the closed-loop PMSM
system are uniformly bounded.
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Additionally, based on (14), we know that §; — + oo
when e; — + v,. Because ; are bounded and the initial
conditions fulfil §v;(0) <e;(0) <dv;(0), we can get that
—38;(t) <e;(t) <6, (t) for all t > 0. Up to now, the proof of
Theorem 1 has been finished. O

5. Simulation Examples

In this section, the simulations are presented to prove the validity
of the control scheme proposed in this study. The parameters of
the PMSM refer to [26] which are listed as J = 0.003798kg -
m?, B = 0.001158N - m/ (rad/s), ¢ 7 = 0.1245Wh, n, =3,
L, = 0.00315H, L; = 0.00285H, R, = 0.68Q2.

The RBFNNSs are introduced to approximate the non-
linear functions during the controller design, in which the
Gaussian functions are chosen as y;(x) = exp[—(x—
) (x —yj)/202], i=1,---,4,j=1,---,11, and the center
vector is spaced in the interval [-20 20]. The constants 6, §
are chosen as § = § = 1. According to the definitions of the
gontrol laws a;,a;,uy,u; and the adaptive laws
0,,i=1,2,3,4, respectively, the control design parameters
in the simulations are selected as follows by trial and error:
k, =50,k, = ky; = 100,k; = 50, p, = p, = py = L, p5 = 0.01,
n; =10,&, = 10,i = 1,---, 4. The initial values of the PMSM
system are x;(0) =0.5,x,(0) = x;(0) =x,(0) =0. The
reference signal is chosen as x; = 0.5 sin (2t) + 0.5 sin (0.5¢).

5.1. Example 1. In order to verify the validity of the proposed
time-varying filter, this example considers the full-state
prescribed performance control for the PMSM system
working under segmented loads, in which the conventional
exponential prescribed performance control (EPPC) scheme
[9] is chosen to define error bounds as

v, =2 2 +0.1,
Vy, = 207 4+ 1,

EPPC: o (93)
Vi, = 2¢ 7+ 1.1,

v, =2 2 +0.L

The segmented loads are chosen as
xp = 1.2,0<t<10,
xp = 1.4,10<£<20, (94)
xp = 12,220,
and the time-varying filters are selected as
{ 0.2e O'OStﬁl +a, =a

-0.05tL | — _
0.02e 0y + 0y = .

(95)
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The simulations are compared with the conventional
fixed-gain filter in [3, 26], where the filters are set as

{ 0.2q, + @, = ay,

. (96)
0.028, + @, = a,.

The simulation results are shown in Figures 3 and 4.
According to Figure 3, it can be found that there are os-
cillations in the tracking errors, which are generated from
the external load perturbations of the PMSM system. The
output tracking error e; has the smallest oscillation (as
shown in Figure 3(a)), and the error e; has the most severe
shocks (as shown in Figure 3(c)).

By comparing the performances between the fixed-gain
filter and the time-varying filter under the same external
abrupt loads, we know that both schemes can obtain good
tracking performance with errors constrained in the spec-
ified bounds. However, the oscillations of the tracking errors
are smaller under the proposed time-varying filters. In
Figure 4, it is clear that the time-varying filters can obtain
smaller filter errors and ensure superior performance. Given
this, we can conclude that the performance of the PMSM
system is strongly influenced by external load perturbation.
Moreover, our proposed time-varying filter method has
better performance than the conventional fixed-gain filter
method.

5.2. Example 2. This example considers the novel adaptive
prescribed performance control (NPPC) for the PMSM
system under time-delaying filters (95) with noncontinuous
abruptly varying loads (94). To make the prescribed per-
formance function continuous, we choose the first-order
filter F(s) = 1/(1 + 0.05s) to filter the signal of the external
varying loads to obtain the smooth function X;;. The
simulations are carried out in the following cases:

Case 1: The PMSM works on EPPC, which refers to the
literature [9] with the performance functions (93)

Case 2: The PMSM works on CPPC, which refers to the
literature [34] with the performance functions

Vx

= csch(t +2)+0.1,
L= csch(t+2)+ 1,

L= csch(t +2) + 1.1,
= csch(t+2)+0.1.

Vx

CPPC: (97)

Vx

Vx

Case 3: The PMSM works on NPPC, where the per-
formance functions are chosen as
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FIGURE 3: The trajectories of tracking errors e;,i = 1,2,3,4 in example 1. (a) The performance of tracking errors e,. (b) The performance of
tracking errors e,. (c) The performance of tracking errors e;. (d) The performance of tracking errors e,.
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FIGURE 4: The trajectories of filter errors Y;,i = 1,2 in example 1. (a) The trajectories of filter error Y,. (b) The trajectories of filter error Y,.
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X1

_2 = 2
v, =2(t+e) ‘+o.1+0.15tanh(xTL )
v, = 2(t +e) ? +1+0.15tan h(a'_cTL2>,
NPPC: { N 098
v :2(t+e)_2t+1.1+O.15tanh(ETL )

X3

v, =2(t+e) % +0.1+0.15tan h(inz).

X4

International Journal of Intelligent Systems

Case 4: The PMSM works on NPPC with time delays as

x, (x(t = 0))) = 0.1x3 (£ - 0.5),

Time delays: o

(
(
=
(

%, (t — 0,)) = 0.3x,” (t — 0.6)x, ( - 0.6),

(99)

x; (35 (t—03)) = 0.2x, (¢ — 0.7)9612 (t - 0.7)x32 (t-0.7),

X (Fy (t = 0,)) = 5%, (t = 0.8)x, (t = 0.8)°x, (t — 0.8)x; (£ — 0.8).

Functions h;; can be set as
2
hyp =%,

2
hyy + hy, = x |x2|, (100)
22

By + hay + hay = X7 x5 lle’

hyy +hyy +hys +hyy = 10|x4|3x12|x2||x3|.

Remark 19. The EPPC, CPPC, and NPPC have the same
initial and final values of the performance function for each
state, and the same log-type transformation (14) is adopted
to convert constrained problems to unconstrained problems.
Based on this, the fairness of the comparison experiment is
guaranteed.

Remark  20. The performance of tracking errors
e,i=1,---,4 is visual measures of controlling abilities.
From (14), it can be concluded that e; = (1 — 2/ (1 +€>5)),.
Combining lim, _, .,V =1II/a; with (88), we can get
|S;|<+/2IT/a,. It is evident that 1-2/(1+e*5) are
monotonically increasing functions of variables ;. Then, we

can further get (1-2/(1 +¢ 2VAla ))v;<e; <

(1-2/(1 +e*V¥Wary)y, According to (12), the values of ¥,
are small enough by increasing parameters «;, p and reducing
parameters v;, ¢,, ¢5. As a result, the tracking errors e; can
be tuned arbitrarily small to obtain a better performance
theoretically. However, it will also increase the burden of the
controller or even cause unresolvable situations. Therefore,
a balance between system performance and control effort
should be maintained.

The simulation results are shown in Figures 5-9. From
Figure 5, we can see that the output x; of EPPC, CPPC,
NPPC, and NPPC with time delays can track the reference
signal x,; effectively.

Figure 6 reveals the full-state prescribed performance of
the PMSM system. By analyzing EPPC, CPPC, and NPPC, it
is clear that the performance boundaries of NPPC can be
adaptively adjusted to offset the oscillations generated by

external load changes, and the fastest convergence errors can
be obtained. In contrast, Figure 6(c) shows that the tracking
error trajectory of CPPC has already exceeded the error
bounds of NPPC in the transient state. By comparing the
tracking performance of NPPC and NPPC with time delays,
it is evident that the proposed controller can achieve the
control objective even when time delay disturbances are
present.

The trajectories of the control laws are given in Figure 7, and
it can be found that although the disturbance of the external
loads leads to the chattering of the control laws, where the NPPC
with time delays has the largest vibrations, all control laws of the
system are being within the reasonable range. As can be seen in
Figure 8, ©,,i = 1,2,3,4 are bounded, which means that the
weights of RBENNS in this study are bounded. From Figure 9,
we know that the filtering error of the system can converge to
zero within a certain time by the proposed time-varying filters.

5.3. Example 3. This example considers the novel adaptive
prescribed performance control (NPPC) for the PMSM
system under time-delay filters (95) with continuously
varying loads and time delays, where the loads are

X = 1.5sin (2¢). (101)

Similarly, comparative experiments are conducted for
the following four scenarios: EPPC with performance
functions (93), CPPC with performance functions (97),
NPPC with performance functions (98), and NPPC with
time delays (99).

The simulation results are presented in Figures 10-14.
From Figure 10, it can be seen that NPPC, EPPC, and CPPC
can track the reference signal effectively. From Figure 11, it is
clear that the tracking errors of NPPC can converge in
a shorter time and obtain better performance than EPPC and
CPPC, where Figure 11(c) shows that the trajectory of the
tracking error in the CPPC almost exceeds the error bounds
of the NPPC during the transient state. What’s more, the
performance bounds of the NPPC can adaptively adjust to
counteract the oscillations generated by the external load.



International Journal of Intelligent Systems 17

T T T T T
5 1 ———— x,in EPPC
W Ol — xinCPPC 7
g:D X, in NPPC
% 1 x, in NPPC with time delays
g 'The reference signal
=
5]
=0 -
w
3
[=W
1 i
1 1 1 1 1
0 5 10 15 20 25 30
Time (sec)
FIGURE 5: The x; tracking performance in example 2.
2.5 . 5 T
3
it
L5 R LY Auwoadusted
U it o th
|\ 5 [
E 0.5 ":\\\V -~ Auto-adjusted " g NEams - A
%0 I ‘_ = :J‘ éﬁ 0 PJ—’W/\
s i ! e il 5 u /0l 0.2 0.1 A
S el e \/\fs__ e 0 =l o) s s Lol
-1 i ,/ 1 I
f -0.05 -0.3 cin -0.01 i 0.1 0.1
05 1 15 2 9.8 10.1 104 10 10.1 10.2 0.5 1 1.5 995 101  10.25 10 10.05
25 . N . N . 5 . L N ) L
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Time (sec) Time (sec)
—— ¢, in EPPC - -~ error bound of EPPC —— ¢,in EPPC -~ error bound of EPPC
— ¢,in CPPC - -~ error bound of CPPC —— ¢,in CPPC - -~ error bound of CPPC
—— e, inNPPC -~ -~ error bound of NPPC —— ¢,inNPPC -—-— error bound of NPPC
—— e, in NPPC with time delays —— e, in NPPC with time delays
(a) (b)
" 2.5 :
i 5 r‘ Auto-adjusted 1 - L5 !I"\
5 [\ = i
S AR 205 H ]
%0 == A A ) o tsi i 5
=) e N
. 0 B =} ¥ g ad v 7
'_§ _ o ._8 -0.5 Fi »0.12 0.3 i ~ 0.02 B
&= o B : I i =
‘o -0.75 = 1.5 é/’ | -0.01
v = -1 -0.02 0.3 X |
-1.5 — 0 0.5 1 98 10.1 10.4 10 101 10.2
-5 . . 9.8 . 10.1 . 10.4 : 25 Auto-adjunced
0 5 10 ‘ 15 20 25 30 ’ 0 5 10 15 20 25 30
Time (sec) Time (sec)
& %n EPPC -~~~ error bound of EPPC —— e,inEPPC -~ error bound of EPPC
& 1n CPPC -~ error bound of CPPC —— ¢,in CPPC - -~ error bound of CPPC
€ 1n NPPC o +=+~ error bound of NPPC — ¢,inNPPC -~ error bound of NPPC
e, in NPPC with time delays —— e, in NPPC with time delays

(0

(d)

FIGURE 6: The trajectories of tracking errors e;, i = 1,2,3,4 in example 2. (a) The performance of tracking errors e;. (b) The performance of
tracking errors e,. (c) The performance of tracking errors e;. (d) The performance of tracking errors e,.
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Figure 12 shows that all control laws in NPPC, NPPC
with time delays, EPPC, and CPPC under the condition of
continuously varying loads are within the reasonable range.
Among them, the NPPC has a milder shock. As can be seen
in Figure 13, ®;,i = 1,2,3,4 are bounded. From Figure 14, it is
clear that the filtering errors of the system can converge to
zero in a certain time by the proposed time-varying filtering.

According to the abovementioned three simulation ex-
amples, we know that the external load perturbations have
a significant impact on system performance, and the control
system with time-varying filters can obtain better performance
than the traditional first-order filtering method. In addition,
the control scheme proposed in this study can effectively solve
the time-delay problem of the system under the disturbance of
segmented load and continuously changing load.

6. Conclusions

In this study, a neuro-learning-based adaptive prescribed
performance control scheme is proposed to solve the
tracking problem for the PMSM with full-state constraints,
external load disturbances, and time delays. First, with the
improved PPC for the PMSM, the tracking errors are well
bounded in the preset boundaries, and the controller can
tune automatically to circumvent the overrun and high
frequently chattering of external loads. Second, via con-
structing proper Lyapunov-Krasovskii functionals with
RBENNSs, time-delay terms and the nonlinearities in the
system have been handled effectively. Meanwhile, the time-
varying filters are introduced into the backstepping control
to bypass the “complexity explosion.” Then, the stability
analysis demonstrates that all signals in the closed-loop
system are bounded, and the tracking errors are within
the prescribed boundaries. At last, the simulation results
illustrate the effectiveness of the suggested scheme.

Future work will focus on extending such design into
broad applications to realize finite-time or fixed-time pre-
scribed performance control for systems with full-state
constraints and time delays which are commonly experi-
enced in real scenarios.
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