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Abstract In this paper, a barrier Lyapunov function-
based adaptive neural dynamic surface control
approach is proposed for morphing aircraft subject
to unknown parameters and input—output constraints.
Based on the functional decomposition, the longitudi-
nal dynamics can be divided into altitude and veloc-
ity subsystems. Minimal learning parameter (MLP)
technique-based neural networks are used to estimate
the model uncertainties; thus, the amount of online-
updated parameters is largely reduced. To overcome
the problem of ‘explosion of complexity’ in the back-
stepping method, the first-order sliding mode differen-
tiator (FOSD) is introduced to compute the derivative of
virtual control laws. Combining MLP and FOSD tech-
nique, a composite adaptive neural control scheme is
proposed by utilizing an auxiliary system to deal with
the input saturation and a barrier Lyapunov function
to counteract the output constraints. The highlight is
that the proposed neural controller not only owns less
online-updated neural parameters, but also has the abil-
ity of handling input—output constraints. The stability
of the proposed control scheme is established using the
Lyapunov theory. Simulation results show that the pro-
posed controller can ensure good tracing performance
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of the morphing aircraft in the fixed configuration and
morphing process.
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1 Introduction

A growing number of researchers focus on the morph-
ing aircraft field due to its superior flight performance
on altering aerodynamic configuration and adapting to
different flight environments based on the development
of aerotechnology [1]. The wing transition process is
complicated and very important for morphing aircraft.
During the morphing process, significant variations in
mass distribution, aerodynamic forces and moments
lead to a complicated time-varying nonlinear dynami-
cal model with internal and external uncertainties [2,3].
Those uncertainties and time-varying characteristics of
the morphing aircraft lead to the difficulty in the control
system design.

In the existing literatures, most of the control scheme
designs of morphing aircraft mainly focus on the lon-
gitudinal dynamic model. Based on such model, a
pair of linear controllers has been formulated to pro-
vide disturbance rejection for a morphing aircraft [4],
while the similar idea can also be found in [5]. Sub-
sequently, a finite-time boundness controller is intro-
duced to guarantee the steady flight during the mor-
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phing process [6]. In addition, some advanced dis-
turbance rejection control [1] and linear parameter-
varying technique [7] have been applied to the con-
trol problems of morphing aircraft. However, almost
all of the controllers discussed above are built on the
basis of linear model and highly depend on the pre-
cise prior knowledge of the aerodynamic parameters.
Actually, the precise prior knowledge of the aero-
dynamic parameters is hard to be obtained in the
complex atmospheric environment. Nor has morph-
ing aircraft paid the nonlinear dynamics much atten-
tion. Therefore, a model-free nonlinear control scheme
of morphing aircraft needs to be further investigated.
Among numerous control methods including sliding
mode control, disturbance observer-based control [§],
fractional domain-based technique [9-13] and so on,
the approximation-based adaptive back-stepping con-
trol scheme via fuzzy logic system (FLS) or neural net-
works (NN) has received much attention for uncertain
nonlinear systems [14,15]. Significant works on adap-
tive neural/fuzzy control for nonlinear systems with
unknown functions are presented in [16-21]. In [16], a
self-constructing robust adaptive fuzzy control scheme
is proposed for tracking surface vehicles in the pres-
ence of uncertainties and disturbances. To overcome
the well-known problem of ‘explosion of the complex-
ity’ in back-stepping method, an improved dynamic
surface control (DSC) design has been investigated by
introducing first-order low-pass filter or command filter
at each step of the adaptive neural back-stepping design
procedure [22-28]. Despite the significant progress of
the adaptive neural control design for nonlinear sys-
tems, studies with input and output constraints on pure-
feedback systems are few.

Input saturation caused by the constraints of the
magnitude and rate of actuators can degrade the perfor-
mance of the control system or even lead to instability,
if these constraints are neglected in the control design
[29]. For dealing with input saturation problem, several
auxiliary compensation system-based adaptive control
approaches are developed for a class of nonlinear sys-
tems [30-32], and those schemes have been also suc-
cessfully implemented in the flight control [2,33,34].
The effect of input constraints can be properly avoided
by introducing an auxiliary design system; unfortu-
nately these schemes cannot be applied to handle the
control problem with output constraints which have a
significant impact on the system performance. Until
now, the design based on barrier Lyapunov function
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(BLF) to solve nonlinear control problems with output
constraints has attracted many scholars’ attention [35—
46]. The BLF technique has been used to design control
methods for output-constrained systems in the strict-
feedback form [35-38] and pure-feedback form [39—
41]. Moreover, several adaptive neural/fuzzy control
schemes are investigated for a multiple-input multiple-
output nonlinear system subject to output constraints
[42-44]. However, input constraints are not taken into
consideration in those control schemes. In [47,48],
indirect and direct adaptive fuzzy back-stepping con-
trollers are proposed for uncertain nonlinear systems
with input and output constrains. Unfortunately, the
control scheme developed in [48] still suffers from
the problem of ‘explosion of the complexity.” What
is more, those schemes only focus on the nonlinear
system in strict-feedback form and cannot be directly
utilized to the control of morphing aircraft belonging
to pure-feedback form. Aforementioned pure-feedback
systems in [39-41] have no affine appearance of vari-
ables to be used as virtual and actual controllers. Thus,
implicit function theorem and the mean value theorem
are required to determine each control gain. However,
signs and bounds of the derivatives of the nonlinear
functions for all the variables are assumed to be known.
Therefore, a priori knowledge of the plant dynamics is
required to determine these bounds, which may be very
difficult to acquire in practical applications [19,21].
Meanwhile, there also exists another restriction in the
works [40,41]—too many updated neural parameters
are necessary for the control design. To the best of the
authors’ knowledge, in the existing literatures, this is no
result of low computational adaptive neural control for
uncertain pure-feedback nonlinear systems with both
input and output constraints based on BLF.

This paper investigates a BLF-based adaptive neural
DSC approach for the longitudinal dynamics of sweep-
back wings morphing aircraft subject to input—output
constraints and uncertain parameters. The longitudinal
dynamics are decomposed into altitude subsystems and
velocity subsystems based on the functional decom-
position. In the control design, NNs are employed to
approximate unknown nonlinear functions; thus, a pri-
ori knowledge of the aerodynamic parameters is no
longer required. To overcome the problem of ‘explo-
sion of complexity’ inherent in the conventional back-
stepping method, the first-order sliding mode differen-
tiator (FOSD) is applied to compute the derivatives of
virtual control laws. In order to deal with the explosion
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of NN’ learning parameters, the minimal learning para-
meter (MLP) technique is used to regulate the norm of
NN’s weight vector rather than its elements. Conse-
quently, a low computational adaptive neural control
scheme is obtained. Meanwhile, filtered signals are
applied to avoid the algebraic loop problem encoun-
tered in the controller design. Smooth robust compen-
sators are utilized in the virtual and actual controllers to
counteract the lumped approximation errors. With the
utilization of an auxiliary compensation system and
BLF technique, the problems of input saturation and
output constraints are eliminated, simultaneously. It is
proved that the proposed control scheme can guaran-
tee that all the signals in the closed loop are bounded.
Compared with the existed literatures, the main contri-
butions of this paper are shown as follows.

1. Unlike the studies in [35,36,47,48] which only
focus on the strict-feedback system with output
constraints, this paper further explores the control
problem of longitudinal dynamics of morphing air-
craft with both input and output constraints, which
belongs to a more general class of nonlinear pure-
feedback system. Note that, this is also the first
application of low computational adaptive neural
control of pure-feedback nonlinear systems with
input and output constraints in the BLF scope.

2. Different from previous works in [39—41] which
need restrictive assumptions and mean value theo-
rem to construct the nonlinear controller, by using
Butterworth filter signals, the proposed controller
not only avoids the algebraic loop problem in the
implementation of the controllers, but also relaxes
restrictive assumptions in [39-41].

3. In contrast to the approach in [19,39,40], a bar-
rier Lyapunov technique-based composite adaptive
neural method, which is capable of dealing with
input—output constraints and the problem of ‘explo-
sion of complexity’ as well as ‘explosion of NN’s
learning parameters,’ is presented and a new type
of adaptive laws is constructed by synthesizing the
FOSD and MLP in the back-stepping design. This
control scheme not only can be used for flight con-
trol design, but can also be further extended to
the control of a class of nonlinear system in pure-
feedback form as [19].

The layout of this paper is as follows. The problem
formulation is addressed in Sect. 2. Section 3 describes
the control design. Comparative simulation studies are

presented in Sect. 4. Conclusions and future works are
given in Sect. 5.

2 Problem formulation and preliminaries
2.1 Morphing aircraft model

The control-oriented model of the longitudinal dynam-
ics of a morphing aircraft considered in this study is
based on [2]. This model comprises of five state vari-
ables (V, h, «, v, g) and two control inputs (8¢, T),
where V is the velocity, £ is the altitude, o is angle
of attack, y is the flight path angle (FPA), g is the
pitchrate, . and T’ denote elevator deflection and thrust
force, respectively.

—D + Tcosa —mgsiny + Fiy

V= (1)
m

h=Vsiny )

. L+ Tsina—mgcosy — F,

Yy = (3)
mV

. L+ Tsina —mgcosy — F,

& =— SV TR 4y @)
mV

. —1Iyqg — Sxgcost +Ma +TZ7 + My,

q= 7 %)

)7

Fry = S (q sin o +qzcosa)
—|—2qu sin o —Sx cos o
Fr; = Fri; = S« (c} cos —q2 sina) +2qu cos o

—+—S’x sin o
Mpy =Sy (Vsina + Vi cosa — Vg cos ) (6)

where D, L and M4 denote drag force, lift force and
pitch moment, respectively. m, I, and g are the mass of
aircraft, moment of inertia about pitch axis and grav-
ity constant. Fyy, Fy;, Fii; and M|, represent inertial
force and moment caused by morphing process. Zr
is the position of engine in the body axis. S, denotes
the static moment distributed in the body x axis. The
related definitions are given as follows:

Cp(¢) = Cpo() + Cpa(©)a + Cpe2 (§)a?,
S (&) = [2mirix +m3r3x], L =Cr()0Sw(),

D = Cp()0Sw (), Cpn (&) = Cpo(¢) + Cia (O

Cimgqca(t) |
—_— = - V ,
oV 0 > Ph

CL(¢) = Cro(¢) + CrLa(Q)a + Crse($)de =~ Cro($)
+Cro(Q)a, My =Cn($)0Sy(§)ca(l)

+ Cinse (C)Se +
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where ¢ is the sweep angle and the other definitions
can be found in [2].

2.2 Model transformation

According to [2,33,34], we know that the dynamic
model (1)—(5) can be decomposed into altitude sub-
system and velocity subsystem since the velocity V is
mainly related to 7 and the altitude / is mainly affected
by Se.
(a) Altitude subsystem
Define that x; = h, x = y, x3 = 6, x4 = g where

0 = o+ y,x = (x2,x3,x4). The altitude subsystem
can be converted into the following formulation.
X1 =Vxo
X2 = fa(x2,x3) + X3
X3 = x4
X4 = fa(x2, x3,x4,u) +u

y=2x1, u=-—3 (N
where y is the output signal of the altitude subsystem
(7), f2(x2, x3) and fa(x2, x3, X4, ) are unknown func-
tions with the formulation f,(x2, x3) = [L+ T sin(6 —
y) —mgcosyl/(mV) —0,

fa(x2, x3, x4, u) = [—Iyq + (—Sxg cos

+Ma+TZ7 + Mpy)| /1y + 6.

(b) Velocity subsystem

For the sake of the controller design, velocity sub-
system is transformed into the following formulation.

V=f@GEy, T)+T (8)

where fy(xy) = (—D + Tcosa — mgsiny +
Fry)/m — T is an unknown nonlinear function.

Remark 1 Since only the cruise phase is considered in
this paper, y is quite small and we can take siny ~ y
in (2) to simplify the system. In order to transform the
altitude system into pure-feedback system, Fji; in (3)
is regarded as an un-modeled term.

2.3 Neural networks

Radial basis function neural networks (RBFNN) are
adopted to approximate the continuous function
f(Xin): R™ — R which can be expressed as follows
[317:
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f(Xin) = Wl (Xin) + ¢ 9)

where Xj, is the input vector of the NN, Wisa weight
vector of the NN and ¢ denote the approximation error
of the NN. @ (Xin) = [¢1(Xin) - . - ¢1(Xin)] is the basis
function vector, with ¢; (Xi,) being Gaussian functions,
i.e., $i(Xin) = exp(—(Xin — ¢i)T (Xin — ¢;)/b}) with
¢; and b; denote the centers and widths of the Gaussian
functions. The optimal weight value is obtained as

|

where 27 = {W:||W|| < M} is a valid convex set of
the estimated parameter W.Misa design parameter,
and $2yip is an allowable set of the state vectors. Using
the optimal weight value yields

| Xl ) = £ X0)

W* = arg min sup
Wes2y XinE.Qxin

(10)

f(Xin) = W o (Xiy) + & (11)

where £* is the optimal approximation error with [¢*| <
EM.

2.4 Barrier Lyapunov function

In this paper, the following BLF is used [36]

N = l1og K (12)
2 ki — 22

where log(-) denotes the natural logarithm and k& is
the constraint on z, i.e., |z| < kp. If |z] = kp, the BLF
escapes to infinity. It can be shown that N is positive
definite, and C! is continuous in the set |z| < kp, and
thus, a valid Lyapunov function candidate is in the set
lz| < kp.

To process with the design control scheme, the fol-
lowing lemmas are required.

Lemma 1 The first-order sliding mode differentiator
(FSMD) is designed as

So = —molso — 101> sign(so — 1(1)) + 51

S1 = —pu1sign(s1 — <o) (13)

where ¢o and ¢ are the states of the system (13), o
and |11 are the designed parameters of the first-order
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sliding mode differentiator, and l(t) is any known func-
tion. <o can approximate the differential term i(t) to an
arbitrary accuracy if the initial deviations ¢y — [(tg)
and ¢y — i (to) are bounded [49].

Lemma 2 [36] For any positive constant kyp, the fol-
lowing inequality holds for all z in the interval |z| < kp

k2 ZZ
lo b <
g(kg—zz) Kk} — 22

Lemma 3 The following inequality holds for any
wo > 0 and x € R [27].

(14)

Hr(xa, x37) = WiT®y(x2, x37) + &2
faCxa, x3, x4, up) = Wil @u(xa, x3, x4, uyp) +e4
fvGv, Tp) = Wil oy (v, Tp) + ey

where Hp (s) is a Butterworth low-pass filter. The
corresponding parameters of Butterworth filters can be
obtained as in [19].

Remark 2 The use of this signal is motivated by [19,
21]. If x3, u insystem (7) and T in system (8) were used
as the virtual control, this expression would lead to an
algebraic loop and could not be implemented directly.
The filtered signals are to avoid the algebraic problem.
Meanwhile, it is assumed that the filtered errors Af;
are bounded.

It is easy to conclude that there exist ideal weight
vectors Wy, W, W, such that

lea] < eam
lea] < eam
lev] < evm

(20)

0 < |x| — x tanh (i) < Kkowo (15)
wo

where ko is a constant satisfying ko = e~ woth o
ko = 0.2785.

3 Controller design and stability analysis

In this section, adaptive neural DSC and adaptive
laws are designed for the altitude and velocity sub-
system, respectively. The control scheme is shown in
Fig. 1.

Assumption 1 Throughout this work, it is assumed
that all of the system states can be measured.

In this paper, f>(x2,x3), fa(x2,x3,x4,u) and
fv (xy, T) are unknown functions. In order to process
the derivation in the following, we define

Afr = falx2, x3) — fa(x2, x37) (16)
Afy = fa(x2, x3, x4, u) — f4(x2, X3, X4, U ) (17)
Afy = fv(xy,T) — fv(xv, Ty) (18)

where x3¢, uy, Ty are the filtered signals defined by
[32]

X35 = Hp(s)x3 ~ x3,
Tf=H ()T ~T

up = Hp(s)u=u,
(19)

where ¢; and ¢; )7 (i = 2,4, V) denote the approxima-
tion errors and their upper bounds, respectively.

Obviously, the ideal weights W3, W), Wy, are com-
pletely unknown. Therefore, adaptive laws based on
Lyapunov function are deduced to update their ele-
ments. In order to reduce the computation burden, the
MLP technique is employed to estimate the maximum
norm of ideal weight vectors; thus, only one parame-
ter needs to be updated online. Those parameters are
defined as ¢; = ||[W}||> (i =2,4,V).

3.1 Velocity controller design

The controller for the velocity subsystem is derived

from dynamic inversion method using neural network

to approximate the unknown nonlinear function.
Define

zv =V —-Va—1yv (21)
where ¥y is a signal to deal with the saturation effect,
and the additional auxiliary system is constructed as
follows

Yy = —kyyy + AT (22)

where ky is a positive design constant, and AT =T —

Ty is the error between the actual control input 7 and
the desired control input 7y.
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Fig. 1 Control scheme

The time derivative of zy can be described as

tv=V—Va—vv=FfrGv.T)+T -V
+kyyy — AT
= fv@v, Tp) + Ta — Va+kviry + Afy
= Wil oy Ry, Ty) + Ta — Va + ky gy +dy
(23)

where dy = Afy + ey, |dy| < dyy.
On the basis of MLP technique, the desired con-
troller 7 is designed as

@ Springer

Qv L Gy, Tr) @y (X, Ty)

Ta = —kyzy —
4k, — 23 )k
~ z 1 .
—dy tanh [—2 v 5 —:| + Va —kyyy
kip — 2y wyv

(24)

where ky, ko» and wy are positive design parameters.
dy tanhgzv / (kg2 — z%,) /wy) is a robust compensator.
¢y and dy denote the estimation of gy and dyyy, respec-
tively.

Consider the following adaptive laws for ¢y and dy,
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. iz @) Gy, TPy Ry, Ty) . ’s
QOV - 4 k2 — 2 2k *UVHPV ( )
( b2 Zv) 22

A 2y Zy 1 ~
dV = pv2 |: 2 2 tanh( 2 2 w) - szdv}
ki — 2y ki —zy wv

(26)

where oy 1, oy, are positive design parameters.
Invoking (23) and (24) yields
iv = —kyzy + 2y Wil @y Ry, Ty)
B v @l Gy, Ty @y (v, Ty)
(ki — z)

+dy — dy tanh [% L} 27)
b2 — 2y WV

Theorem 1 Consider the velocity subsystem (8) under
assumption I and initial condition |zy (0)| < kpp, con-
trol law (24), updating laws (25), (26), then the closed-
loop signals zy, ¢y, dy are semi-globally bounded.
Furthermore, the tracking error zy and the weights
ov, ﬂv converge to the compact set §2z,, sy, ‘Qﬁv’
respectively, defined by

Rz, = {zv € R", |zv| < kb2\/(l - e*2<LV<0>+Cv2/CVI>)}
25, = {¢v € R", 1gv| < V2pvi(Ly©) + Cv2/Cv1)}

25, = {5V € R", d~v’ < V2pv2(Ly(0) +CV2/CV1)}
(28)

where Cy1 and Cy» are defined in “Appendix.” Mean-
while, the proof of Theorem 1 is also shown in “Appen-
dix.”

3.2 Altitude controller design

In order to proceed the design process, the following
auxiliary system is constructed to generate ;.

Y1 = Au — ki (29)

where k4 is a positive design parameter, Au = u — ugq,
u is the actual control input to the system and uq is the
control input to be designed. The relationship of u4 and
u can be expressed as follows:

sign(ua)uy, if |ug| > ug

uq, else (30)

u = sat(uq) =

where u(‘f is a positive constant that quantizes the bound
of input saturation.

The following coordinate change is constructed to
facilitate the control design:

1 =X1— M
2=XxXx2—-n 31)
3=X3—1

24 =X4— 13— Y1

where ry, rp and r3 are the virtual controllers to be
designed at step 1, 2 and 3, respectively. yq = hq is the
reference signal.

The control scheme for the altitude subsystem is
developed in the framework of back-stepping tech-
nique, which contains four-step recursive design pro-
cedure.

Step 1 The time derivative of z; = x| — yq is expressed
as

=X1—y=Vxo—ya=V(@+r)—ya (32)

The virtual controller r; is designed as
9!

2
Yd 5 g 1
ry = —k 11— +——2 ditanh|{ —— —
: e 20kpy —zp)  V o (kgl_z% ”’1)

(33)

where ki and w; are positive parameters; (flzl
tanh(z% / (klz,1 - z%) /w1) is a robust compensator; dy
denotes the estimation of d1y. dj = —V /(2V?) is the
lump error with upper bound dj s, thatis |d| < d1y.

Now we consider the adaptive law given as follows

2 2
A 73 73 1 A
dy = p12 | 55— tanh| ——— ) — o124
|:k1§1 -7 (kgl -7 wl) j|
(34

where p12 and o7 are positive design parameters.
Invoking (32) and (33), one has

2
=V ZZ*klzlfzilfmgltanh i —_—
2(k2, — z3) k2, — 23w

(35)

In order to avoid the tedious analytical computations
involved in the control law of step 2, using Lemma 1,
the following first-order sliding mode differentiator is
adopted to estimate 7.
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S10 = —M10lS10 — 71 |0'Ssign(g10 —ry) +¢n From (43) and Lemma 1, we have
g1 = —p118ign (611 — S10) (36) o

n=¢0+n0 44)

where ¢19, ¢11 are the states of the system (36), and
10, (11 are the positive design constants.
According to (36) and Lemma 1, we have

71 = <10+ T1 37

where 7] is the estimation error with |71| < Tj.
Step 2 The differentiation of z; is obtained as follows:

22 = X2 —F1 = falx2, x3) + x3 — Fy
=z3+r2— i1+ fa(x2, x3) — fa(x2, x37)
+ Wil @y (x2, x37) + &2
=u+n—f+ W G0, x50 +d (38)

where d» = Af> + &;. d is bounded, and there exists
an unknown constant dyys > 0 such that |dp| < dop.

Based on MLP technique, the virtual controller r; is
designed as

1, .
r = —kyzp — §§02Z2<P2T(X2, x37)P2(x2, X37) + G10

—d, tanh (2—2) (39)

w2

where k; and w; are positive design parameters.
622 tanh(zz/w;) is a robust compensator. ¢> and dAz
denote the estimations of ¢, and d» s, respectively.

The structure of adaptive control laws is expressed
as follows
X P21
¢2

TngpzT(n, x37)Pa(x2, X37) — 02192 (40)

B z A
dy = px» |:Zz tanh (—2) - 022d2:| (41)
w2

Substituting (39) into (38), (38) can be rewritten as

22 = 23 — kazo + WiT @y (xa, xX3f)

L,
- §<P2zz¢>2T (x2, x37) P2 (x2, X3 1)

Ty — dytanh (Z—Z) - (42)
w2
The following first-order sliding mode differentiator
is adopted to estimate 7.
&2 = —20ls20 — r2*7sign(sa0 — 2) + 621
S21 = —p218ign(s21 — 620) (43)

where ¢29, ¢21 are the states of the system (36), and
420, 21 are positive design constants.

@ Springer

where 77 is the estimation error with 72| < 75.
Step 3 The differentiation of z3 is obtained as follows:

3=x3—Iy=(X4 —1r3)+r3—rip =244+r3 —in + ¥
(45)

The virtual control law r3 is designed as
r3 = —k3zz + ¢20 — Y1 — 22 (46)
where k3 > 0 is a design constant. ¥| is an auxiliary

compensation signal.
Substituting (46) into (45) yields

B=zu-—0—-km+on—f=u4—-22—-kz-n

(47)
Consider the following inequality
1 5 ki,
-3 < — — 48
723 < 2k11Z3+ > 75 (48)

where k11 > 0. Note that the constants k{1 in (48) is
not used in the implementation of the control law, but
rather, itis only used to analytically show the stability of
the control system. Therefore, the constant k1 is only
required to exist, but may remain unknown. Moreover,
it does not need to be estimated in the implement of the
controller.

As done previously, the following first-order sliding
mode differentiator is employed to estimate r3:

&30 = —w30lsz0 — r31%3sign(s30 — 13) + 631
¢31 = —nM318ign(631 — S30) (49)
where ¢30, ¢31 are the states of the system, and 30,

31 are the positive design constants.
Thus, we have

73 =¢30 + 13 (50

where 73 is an estimation error with |t3| < 73.

Step 4 In this step, the actual controller u will be devel-
oped. The differentiation of z4 can be obtained as fol-
lows:
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Za = fa(xo, X3, x4, u) +u — 73 — Au + kaf

= fa(x,up) +uqg—r3+kapy + Afa

= W:T¢()_C,Mf)+ud—r'3+k4lﬁ1+d4 (&28)
where ds = Afs+ €4 and |d4| < dapy.

Based on MLP technique, the controller uy is
designed as

., - _
ug = —kaza — EZ4¢4<P4T(3€, up)Pa(x,uy)
A 74 .
—dy tanh (w—) + ¢30 — 23 — ks (52)
4

where k4 and w4 are positive design constants. c?4
tanh(z4/w4) is a robust compensator; ¢4 and dA4 denote
the estimations of ¢4 and dyy, respectively. ¢4 and dA4
are updated as

X P41 - - ~

%4 = 723@{ (X, up)®Pa(X,uyf) — 04104 (53)

A Z4 ~

dy = pa2 [14 tanh (w_) - 042614} (54)
4

By substituting (52) into (51), (51) can be rewritten as

24 = —kaza — 73+ WiT ®y(x,up)
| B _ A 24
— =2404Py (X, up)Py(X,uy) +dy —dgytanh | — ) — 13

2 wyq
(55)

The following theorem shows the design procedure
and analysis of the modified BLF-based adaptive neural
DSC for system (7) using back-stepping technique.

Theorem 2 Consider the altitude subsystem (7), under
Assumption 1, control laws (33), (39), (46), (52), updat-
ing laws (34), (40), (41), (53), (54), and initial error
condition |z1(0)| < kp1, then the closed-loop signals
Zi=1.23.4, Pi=2.4, (7,-=1,2,4 are semi-globally bounded
and the tracking error z1 will remain in the compact
set |z1| < kpi.

Proof Please see “Appendix.”

Remark 3 1t should be mentioned that the MLP tech-
nique is used to estimate the maximum norm of the
ideal weight vectors of RBFNN instead of their ele-
ments. Thus, the number of the online learning parame-
ters is greatly reduced in the closed-loop system. On the
basis of modified DSC and MLP technique, the control
scheme can solve the problems of ‘explosion of learn-
ing parameters’ and ‘explosion of complexity’ simulta-
neously. Consequently, a much simpler controller with

less computational load is obtained, which is better to
be implemented in real applications. Additionally, it
must be pointed out that the problems of the input satu-
ration and output constraints are solved by employing
an auxiliary system and the BLF, respectively.

Remark 4 Altitude subsystem (7) belongs to the sys-
tem in pure-feedback form. Thus, the control designs
and main conclusions could be naturally extended to
the following pure-feedback system as given in [19]:

i=12...n—-1

[561 = fi(Xi, Xiy1) + Xiy1, (56)

Xn = fu(Xi,u) +u

where x; = [x1, x2...x;].

4 Simulations

In this section, simulation results are presented to
illustrate the effectiveness of the modified adaptive
neural control for longitudinal model of the morph-
ing aircraft based on BLF. The aerodynamic coef-
ficients and model parameters are the same as [2].
The scope of the input variables of NNs is defined as
V € [0, 50m/s], y € [—10°, 10°], « € [—10°, 10°]
and g € [—15°/s,15°/s]. The centers such as c3,
¢4 and cy including 50 nodes are evenly spaced in
their bounds. The widths of Gaussian functions are
chosen as bjp = 2, bis = 5, bjy = 4. The ini-
tial conditions are set as Xo = [y, &0, qo0, ho, Vol =
[0°,0.99512°,0°/s, 1000 m, 30 m/s]. Tracking error
limits are set as kp; = 0.6 and kpp = 0.2. The control
parameters and auxiliary compensation parameters are
selected as k1 = 0.01, k» = 1.1, k3 = 0.1, kg = 1.5,
ky = 10. Gains for the adaptive laws are selected as
p12 = 1,012 = 0.1, p21 = 100, 021 = 0.1, p22 = 10,
o = 0.1, pg1 = 100, o041 = 0.1, psp = 100,
oy = 0.1, py1 = 2.5, oy; = 0.1, pyp = 100,
oya = 0.1, wi=124,v = 1, koo = 1. Reference com-
mands are smoothened via several second-order filters
which are given in (57).

ha 0.04 Va 0.04
hao ~ s24+0.4s +0.04" Vi  s2+0.4s +0.04°
&d 1

== 57
a0 SE4+2s+1 7

The following two scenarios are simulated to test the
performance of the proposed controller in the presence
of system uncertainty and input—output constraints.

@ Springer
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Fig. 2 Altitude tracking

Scenario 1 Anadaptive back-stepping controller based
on quadratic Lyapunov function (QLF) in [33] is com-
pared to verify the proposed controller. We assume
that the actuator saturation of control inputs is set as
8¢ € [2° 2°1and T € [0, 67]N, respectively. The
simulation results are depicted in Figs. 2, 3,4,5,6and 7.
Figures 2 and 3 reveal that the BLF and QLF controllers
achieve different tracking performance. The altitude
and velocity tracking errors are within the compact set
|z1] < 0.6 and |zy| < 0.2 when the BLF technique is
used in the controller design. However, when the QLF
controller is employed under the same initial condi-
tions and control gains with BLF-based controller, the
output constraints are violated. The response of control
inputs and auxiliary variables is shown in Figs. 4 and 5.
It is obvious to observe that the system inputs é. and T
are both saturated and recover to normal with the com-
pensation of auxiliary systems. Figures 6 and 7 show
that the system states and ¢», ¢4 and @y are bounded.
Simulation results demonstrate that the system could
achieve better tracking performance as compared to
QLF-based controller.

Scenario 2 Inthis scenario, BLF-based adaptive neural
controller is applied to the morphing aircraft’s wing

@ Springer

Fig. 3 Velocity tracking
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Fig. 4 Elevator deflection and v/
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Fig. 5 Thrustand yry Fig. 6 System states
0.1
shape transition phase, while the actuator saturation of < 005l 4 |
control inputs &, is released. The simulation results are '
shown in Figs. 8, 9, 10 and 11. From Fig. 10, it can o .
be seen that the output velocity is nearly constant and 0 10 20 30 40 50
altitude tracking error decreases about 0.2 m during the time[sec]
sweep process. The altitude and velocity tracking errors
of BLF-based controller are not violated their bound- 2
aries kp1 and kj». After the wing finishes sweeping, the . / DN
velocity and altitude errors converge within 20 s. How- S £ AN i
ever, the bound of velocity and altitude tracking errors /’ =8
. 0 1 1 1 el
for QLF controller. are overstepped. From the curves of o 70 2 20 20 0
sweep reference signal ¢ and system states (angle of time [sec]
attack, FPA and pitch rate) in Figs. 8 and 9, it can be
observed that the angle of attack tends to reach a new 50
equilibrium since the wing area decreases; meanwhile,
other system states are bounded. In addition, as shown &
in Fig. 11, the changes in elevator defection and thrust
are both within acceptable ranges. From the simulation 0 ’ LT -
results, it can be concluded that the BLF-based control 0 10 20 30 40 50
scheme can accommodate different wing shapes and time [sec]

guarantee the steady flight.

Fig. 7 Estimation of ¢>, ¢4 and ¢y

@ Springer



2378 Z. Wu et al.
50 . . = t t
£ k, =0.6
40t . 5
— o 05 PEEN .
3 30t . jou Ky N
2 g 0 ‘ S
S 20} . g Se i
il ° 05\_\,' BLF |
10} E 3 .’
£ ] ===== QLF
=}
0 1 1 1 1
0 10 20 30 0 10 20 30
time[sec] time[sec]
6. z 05 T T
E k,=02
o 4} J o
% o L emmm—. =
@ 2 L e
kel ] 4
= ol | g Y ]
BLF = b BLF
= s
R ——— ) ]
aF S osPi i
0 L L > ‘, 1 1
0 10 20 30 0 10 20 30
time[sec] time[sec]

Fig. 8 Sweep reference signal and AOA

vy [degree]

g [degree/s]

1 T T

time[sec]
5 T T
BLF
=====QLF
0 =
-5 1 1
0 10 20 30
time[sec]

Fig. 9 FPA and pitch rate

@ Springer

Fig. 10 Altitude and velocity variation
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Fig. 11 Elevator deflection and thrust



Modified adaptive neural dynamic surface control 2379
5 Conclusions and future work 5
1 ki I 1 5
_ ) ) Lv=§10g o )Tt dy
A modified adaptive neural dynamic surface con- kpy — 2y Pvi Pv2
trol scheme is developed for morphing aircraft with (58)

unknown dynamics and input—output constraints. Min-
imal learning parameter technique-based neural net-
works are used to approximate the unknown system
dynamics, thus solving the problem of ‘explosion of

where py; and py, are positive design parameters,
¢v =gy — ¢y and dy = dyy — dy.

Based on (25), (26) and (27), the time derivative of
Ly is given by

vy @ @&y TPy Ry, Ty)

*T z

. zviv 1 1 —kvay = ke v+ Wyt vy Ty)
Ly = o2 7‘PV€0V - 7dVdV 2 2 A z 1

kip =2y pvi pv2 Kip =2 | —dy tanh | 5= o0

b2V
2 BT (= -
ey, vy, TPy (xy, T o P 4 4 1 ~
— gy | 2 : f)z ‘;( wID g | dy | 3 tanh | 5" ) —oyady (59)
4ky, — zyy)ka2 le ki — 7y ki — 2y wv

learning parameter.” To overcome the inherent problem
of ‘explosion of complexity’ in back-stepping design,
the first-order sliding mode differentiator is applied
to avoid the tedious analytic computation. Therefore,
a barrier Lyapunov technique-based composite adap-
tive neural method, which is capable of dealing with
input—output constraints and the problem of ‘explosion
of complexity’ as well as ‘explosion of NN’s learn-
ing parameters,” is presented and a new type of adap-
tive laws is constructed by synthesizing the FOSD,
MLP and auxiliary compensation system in the back-
stepping design. Meanwhile, this control scheme can
be further extended to control a class of nonlinear sys-
tem in pure-feedback form. Comparative results verify
the superiority of the proposed controller.

In the future work, the authors will focus on the prob-
lem of the unmeasured states and disturbance observer
[50] in the control design based on adaptive neural DSC
scheme.

Acknowledgements The authors would like to express their
sincere thanks to anonymous reviewers for their helpful sugges-
tions for improving the technique note. This work is partially
supported by the Natural Science Foundation of China (Grant
Nos. 61374032, 61573286), Aeronautical Science Foundation
of China (Grant No. 20140753012).

Appendix
Proof of Theorem 1

Proof Considering the following candidate Lyapunov
function

Note that the following inequalities hold

ﬁwv @y iy, Tp)

_ ovzd @1 Gy, Tp)dy @y, Tp)

+ koo (60)
Ak2, — 22) %k
y y y 1
dyy — dyps tanh ( )
2 2 2 2 2 2
ko =2y ko =2y ko =2y W
< kodyywy = wy (61)

where k> > 0.
Invoking ¢y = ¢y — @y and dy = dyy; —dy yields

OVl ~ . ovi ~2 A2
— VeV = —— (<Pv Yy — <Pv)

PVI 2pvi
ovl (2 ~2
= ﬁ (@v §0V)
~ A ov2
ovadydy = 72 (dVM d2) (62)

Consider that (60), (61), (62) and Lemma 3, (59) can
be re-formulated as

. kyz3 OVl .o OV2= | OVI 5
Ly < ——5—5 —5—9¢ +—9
k,%z—z%, 2000 2 Y T 2o
(o2
+ ﬂdv]y[ + wV + k22
k? ovi .
< kvlogL2 —(p%,

k2, — 2y 2pvi

G
V2d2 +Coy < —CiyLy +Coy  (63)

where Ciy = min{2ky,ovi/pvi,ov2}, Cva =
Toor Py + iy + by + ko
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Multiplying (63) by e€V!?, we have _ kiz 2z 22

d kgl - Z% kl%l - Z% Z(kbl - Z])z

—(LyeC"") < CypeV (64) 2 2 21

dt d]M ﬁ 3 tanh 3 5
ki — 21 kbl — ki — 27 w1

Integrating the above inequality, we obtain ~

g g q Y + U]2d1d1 (68)

C C
_ _Vz)e—CVIf + =2 (65)
Vi

Ly < (Ly(0) o

Therefore, for zy we obtain

1 k? c
5 IOg(zbzz) <Ly + CfVZ
kb2 —zy Vi

lzy| < ka\/(l — e 2Ly O+Cv2/Cr1)) < kyy
(66)

Similarly, we have [@y | < +/2pv1(Ly(0) + Cv2/Cv1),

‘LZV‘ < 2pv2(Ly(0) + Cy2/Cy1).

Proof of Theorem 2

Proof Choose the following candidate Lyapunov func-
tion

L=Li+Ly+ L3+ Ly (67)

k?
where L] = ﬁlog( bl )+ 2;]2072 L, =3+

kl;l Z1
~2 d~2 d"2
2,021 + 2/)22 Ly = 2Z3’ Ly = 224 + 2/)41 + 2,042
and dy = dyy — d1, 2 = P2 — ¢, d> = doy — db,
G4 = @4 — Qu, ds = dayy — da.
Accordingto (34), (35) and Lemma 2, the time deriv-
ative of L is given by

Ll = — — — log — —did;

21
= H(zzkm Y7 RN
ki = 23 2(kjy = z7)

2 1

@ Springer

By invoking (40), (41), (42), the time derivative of
L5 is given by

: . | I -
Ly =22 — —@2¢p — —dad
P2 022

< 2223 — kZZ% + ZZW;T¢2()C2, X3£)

1
— §¢2Z%¢2T (x2, x37)P2(x2, x37)

z
+ |22l doy — z2do tanh (—2) — 227
w2
021 . 4 ~ A
+ — @202 + 022dadr (69)
P21
Considering (47) and (48), the time derivative of L3 is
obtained as
Ly =2323 =23 (24 — 20 — k323 — 1)
kit _o
— 2223 + 2324 + 71'2
(70)

Using (53), (54) and (55) results in the time derivative
of Ly

. . 1 . - 1 ~ =z
Ly = 2424 — —— Q404 — ——dydy
P41 042

=24 (—k4Z4 —z3+ WIT@L()?, us)

o, - -
— S2aQa P (X, up)Py(%, up) +dy

2
—34 tanh (2—4) - r3)
wq
1 _ 1 -~z
— —— Q404 — ——dady
P41 P42

< —kgz3 — 2324 + 2aWiT @4(F up)

1 - -
- §Z421¢4<P4T(x, up)Pa(x,uy) +lzalday

Z 1 . . 1 ~ &
— z4d4 )7 tanh (—4) — 2473 + — Q44 + —dyady
w4 P41 P42

(71)
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Consi . 042 021 2
onsider the following facts + 7(14 u+ 20?2
P21
~ 2122
Ulzdldl < — (dzM dlz) s 1 k11
2 K2, -2 +2—¢4+w1+w2+w4+2r1+72
B 2 Ll IR UE 1
— 12 —pun<=#Z4+z _
2k, — 22 27 2ot +5r32+1 < _CIL+C (78)
(72)
2 2 where C; = (2k1, 2ky —2,2k3 — 7= 2ks — 1,
diy|—5——| — 7tanh ——
k2, — 2} kgl z (kg1 — 2w o1z, 22, om, SH, 042)

< kodiyw) = wi,

c (0~5012d12M +0.5022d3,, + 0.5040d3,, + 0.5021/p2193 + 0.5041/ pa19F + W1 + W2 + 11)4)
2= .

+0.572 + 0.5k T2 +0.572 + 1
021 . . 021 o 021 ~»
— @y < (73)
P P29 21 ¥y — 2,021(/)2

22 _
|z2| daps — zodo g tanh (;) < kodopywy = wa,
2

1.
—ond3 (74)

a1
dody < —o0pd2y, —
‘72222—2‘7222114 5

*T = 1 2 T = = 1
2Wy @ (x,uy) < 512€02‘p2 X, up)Par(x,uy)+ 5

(75)

z _
|z4| daps — zadsp tanh (wi) < kodapws = Wy
4

(76)

a1 2 @
ogpdsdy < 500 diy —di ),
*T = 1 2 T,- _ 1

Wi @(x,uy) < §Z4<ﬂ4¢4 (%, up)Palx,uy)+ 3

(77)

The derivative of L is obtained as

L=L1+L2+L3+L4

K2 1
< —k;1 bl (ky—1)23 — (k3 — — )23
= 1108 kgl —Z% ( 2 )22 3 2k11 23
021 .
— (kg —0.5)25 — —dz - %wg
022 52 041 -2 042 ~ 012 2 022
- 224 -2+ =242
2 2T 0, % i+ > 4im T 5 Gm

To ensure C; > 0, the corresponding design para-
meters kj=1,2,3,4, 0ij,i=1,2,4,j=1,2 and pjj =123, j=1,2
should be chosen such that k1 > 0, kp — 1 > O,

—0.5/k11 >0,k4 —0.5 > 0,0ij,i=1,23,j=12 > 0
and p;j =124 j=1, > 0. Multiplying (78) by €1/, we
can get (?—I(Lecll) < C2e%". Integrating inequality
%(Lec”) < C,eC1!, we obtain

g)e—Cﬂ + 2

L = (L) - C

(79)

Therefore, we have

lz1] < kbl\/(l — e 2LOFC/CD) <k
(80)

Similarly, we obtain

|z2] < V2(L(0) + C2/Cy),
|z3] < V2(L(0) + C2/Cy),
|z4] < V2(L(0) + C2/Cy),

di| < V2p12(L(0) + C2/Cy),

—_

1G2] < /2021 (L(0) + C2/Cy),

< V2022(L(0) + C2/Cy),

.\&}.1

| < V2pa1(L(0) + C2/C),
< V2p42(L(0) + C2/Cy).

§~z Ez
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