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Abstract This paper addresses the composite neural tracking control for the longitudinal dynamics of hy-
personic flight dynamics. The dynamics is decoupled into velocity subsystem, altitude subsystem, and attitude
subsystem. For the altitude subsystem, the reference command of flight path angle is derived for the attitude
subsystem. To deal with the system uncertainty and provide efficient neural learning, the composite law for
neural weights updating is studied with both tracking error and modeling error. The uniformly ultimate bound-
edness stability is guaranteed via Lyapunov approach. Under the dynamic surface control with novel neural
design, the neural system converges in a faster mode and better tracking performance is obtained. Simulation
results are presented to show the effectiveness of the design.
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1 Introduction

With high-speed flying, hypersonic flight vehicles (HFVs) provide a promising and cost-effective technol-
ogy to fulfill the need of commercial as well as military applications for space access and prompt global
reach capabilities. As discussed in [1], due to the highly coupled and nonlinear nature of the dynamic
behavior, the design of flight control systems for such kind of flight vehicles poses many challenges.

Currently, the focus is lying on control [2—4] of the longitudinal models such as winged-cone model [5]
and control oriented model (COM) [6]. In [7,8], the linear design is analyzed by linearizing the nonlinear
dynamics at the trim state. In [9], the sliding mode control (SMC) is designed for hypersonic flight
dynamics at 110,000 ft and Mach 15. With the same model, in [10,11], the disturbance-observer-based
controller is analyzed. In [12], the adaptive controller design with high gain observer is constructed where
the lumped system uncertainty is approximated by neural networks (NNs). In [13], using intermediate
models such as T-S modeling, the original dynamics is described by a set of linear equations and the
adaptive control is constructed. More details of recent progress in hypersonic flight control could be
found in [1].
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It is noted that for highly nonlinear dynamics, with small perturbation design or input/output lineariza-
tion, the derived dynamics might be quite different from the characteristics of original system. Recently,
more and more emphasis is on nonlinear control by decoupling the dynamics into several subsystems so
that the controller could be designed specifically for each subsystem and the problem of dealing with
uncertainty or disturbance could be done step by step. Once for each step the design is completed, in
the last step the uncertainty will not be cumulated.

Back-stepping is an efficient method for systematic design and it has been applied on flight control [14,
15]. The back-stepping design with parameter learning of the linearly parameterized dynamics is studied
in [16]. To deal with the “explosion of the complexity” of the back-stepping design, dynamic surface
control (DSC) design is analyzed in [17,18] by letting the signal pass though the filter. However, in
reality it is difficult to obtain the linearly parameterized dynamics since there is less flight data. In [19],
the adaptive discrete back-stepping is applied on the dynamics using the nominal information of the
nonlinearities and in [20], the flexible dynamics with input nonlinearity is studied. In case of unknown
dynamics, intelligent control [21,22] could be employed. In [23], the fuzzy DSC design is applied on the
winged-cone model.

Recently, the composite neural design [24] using both tracking error and NN modeling error is proposed
where faster adaptation and better tracking performance are achieved. Inspired by the idea in [24], we
analyze the composite neural control of longitudinal dynamics for HF'V. The dynamics is transformed
into the strict-feedback form and then the command filter-based DSC design is presented with composite
learning algorithm.

This paper is organized as follows. Section 2 describes the longitudinal dynamics and the functional
decomposition. Sections 3 and 4 present the adaptive controller design and the stability analysis. The
simulation results are included in Section 5. Section 6 presents several comments and final remarks.

2 Model dynamics and problem formulation

2.1 Hypersonic flight dynamics

The COM of a generic HFV considered in this study is given by [6]. The equations are listed as follows:

. T -D
V = cose — gsiny, (1)
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h = Vsiny, (2)
. L+Tsina gcoswy
= - 3
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a = q— ;Ya (4)
. My,
q= : (5)
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The dynamics is presented with five state variables X; = [V,h,a,’y,q]T and two control inputs U =
[0e, <I>]T, where V is the velocity, + is the flight path angle (FPA), h is the altitude, « is the attack angle,
q is the pitch rate, . is elevator deflection, and @ is the fuel equivalence ratio.

In (1)-(5), T, D, L, and My, represent thrust, drag, lift-force, and pitching moment, respectively, and
have the following expressions:

T =Te(a)® + To(e) = [B1® + Bo] a® + [B3® + Ba] ® + [B5® + B6] o + [B7® + Bs] ,
D~ gS(C% o® + CHa + CY),
L= Lo+ Loa =~ GSC? + gSC%a,
My, = My + Mo(a) + My, 6, ~ 20T + gSe(CSy o + Ca + CY) + gSeCss s,
1 h— ho]

G= PV p= poexp [— .

More related information of this model can be found in [6,17].
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2.2 Dynamics transformation

For the velocity subsystem (1), we have

V =g,®+ fu, — gsiny (6)

: __ Tocosa—D __ Tgcosa
Wlthf'u— 0 m y Gv = m .

Assumption 1 ([19]). The thrust term T'sina in (3) can be neglected because it is generally much
smaller than L.
Lemma 1 ([12]). For the altitude subsystem, the altitude tracking error is defined as h = h — h,. and
the FPA command is chosen as
v = kn (h — hy) kz‘}f (h—h,)dt+ h,.- ™)

If k;, > 0 and k; > 0 are chosen and the FPA is controlled to follow -4, the altitude tracking error is
regulated to zero exponentially.

Define X = [IEl,SCQ,SCg]T, 1 =7, T2 = Oy, x3 = g, where 6, = o + 7. The attitude subsystem [12] can
be derived as

i1 = fi(21) + g1z2,

-i'2 = T3, (8)
i3 = f3(X) + g3u,
U = O,
_ Lo—Luay g _ L _ M7p+Moy(a) _ Ms
where f1 = "0 U7 — Jcosxi, g1 = %, fz3= Ty g3 =00

Assumption 2. For ¢ = 1,3, the nonlinearities f; are unknown and the control gain functions g; are
considered as known.

3 Composite attitude dynamic surface control with prediction error

The controller design for attitude subsystem is on DSC scheme where virtual control will be designed
step by step. Different from previous design in [17], the neural design is presented. Furthermore, the
composite learning will be constructed using NN modeling error with the design in [24].

Step 1: Considering the first equation of FPA in (8), we know

i1 = fi(x1) + graee = Wit (x1) + &1 + g1, (9)

where wj is the optimal NN weights vector to approximate f; and e; is the NN approximation error
satisfying | e1 |< e
Define the FPA tracking error

er =z —af, (10)
where gc‘li = q.
Design virtual control z¢ as
_ATH —k - d
2l = Wy 1(5’31)91 11 + 351’ (11)

where @; is the estimation of w] and k; > 0 is the design constant.
Introduce a new state variable 2§ and let 2¢ pass through a first-order filter with time constant ap > 0
to obtain x§
i + 2§ = 24, 25(0) = 22(0). (12)
Define e3 = x9 — x5. Then, the derivative of e; is obtained as

él = S'Cl — IE? = wTT91(z1) +e1+ g1xo — IE? = &?91(:131) +e1 — k161 + gi€e2 + gl(IL'S — xg), (].3)
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where @1 = w] — @;.
To remove the effect of the known error (z§ — z4), the compensating signal z; is designed as

21 = —kiz1 + gr122 + g1 (a5 — 23), 21(0) =0,

where z9 will be defined in the next step.
Now we obtain the compensated tracking error signals

Vy = €1 — 21, Vg =€ — 292.

Define the prediction error as

ZINN = 1 — 21,

where the signal &; is defined with the serial-parallel estimation model [25,26]:
21 = &1 0 (21) + G122 + Przinw, 21(0) = 21(0)

with 81 > 0 as the user-defined positive constant.
For the NN updating law, the signal z;nn is employed to construct the learning design

w1 =71 [(11 + Yva12181) b1 (1) — 0164]

where 71, 7.1, and §; are positive design constants.
Step 2: Considering the second equation of pitch angle in (8), we know

i’Q = Ts3.
The virtual control ¢ is designed as
d __ k .c
T3 = —Kgez — g1e1 + Xy,

where ko > 0 is the design constant.

(14)

(18)

Introduce a new state variable 2§ and let 2¢ pass through a first-order filter with time constant az > 0

to obtain x§
e c _ _d d _c
azd§ + x5 = 5, 25(0) = 25(0).
Then, the derivative of es is calculated as
€9 = dg — &5 = —kaea — gre1 +e3 + (25 — :Eg)
To remove the effect of the known error (z§ — %), the compensating signal 25 is defined as
g = —kozo — 121 + 23 + (25 — 2§), 22(0) =0,

where z3 will be defined in the next step.
Define the compensated tracking error signal

Vp = €9 — Z92.
Step 3: Considering the third equation in (8) and using NN to approximate f3(X), we know

i3 = f3(X) + gsu = w3 03(X) + &3 + gau,

where wj is the optimal NN weights vector and e3 is the NN approximation error with | e3 |< €.

Define the third error surface es to be
ez = x3 — T§.

(21)

(22)

(26)



Zhang S M, et al. Sci China Inf Sci  July 2015 Vol. 58 070203:5

The elevator deflection u is designed as

AT _ _ -.C
= (28} 93(X) gk'geg e + 1173’ (27)
3

where w3 is the estimation of w3 and k3 > 0 is the design constant.
Then, the derivative of e3 is obtained as

by =iy — 0§ = @3 03(X) +e5 — kzes — ea, (28)

where @3 = wi — ws.
The compensating signal is defined as

7;’3 = —k‘ng — Z2, 2’3(0) =0. (29)
Define the compensated tracking error signal
V3 = €3 — 23 (30)

and the prediction error
23NN = T3 — I3, (31)

where the derivative of NN modeling information is defined with the serial-parallel estimation model:
i3 = @305 (X) + gsu+ Bszann, 3(0) = 3(0) (32)

with 83 > 0 as the user-defined positive constant.
The update law of w3 is designed to be

W3 = 73 [(U3 + Vz323nN) O3(X) — 053] (33)

where 73, 7.3, and d3 are positive design constants.

Remark 1. In (14) and (23), the control gain functions g;,7 = 1,2 are included to construct the
compensating signals z;.

4 Stability analysis

Theorem 1. Consider system (8) with the DSC laws defined in (11), (20), and (27), the NN adaptation
laws (18), (33), and compensated error signals defined in (15), (30). The signals v;, i = 1,2, 3, and z;nn,
@j, 7 =1,3 are guaranteed to be uniformly ultimately bounded.

Proof. The Lyapunov function is selected as
volsey !t 22 @ty 1, 34
_QZVZ—FQZ(%JZJNN"H”J% WJ)' (34)
i=1 j=1,3
For error dynamics of v;, 1 = 1,2, 3, we have

= é1— 21 =01 01(21) +er —kiler — 21) + gilez — 22) = & O1(21) + &1 — kvt + give,  (35)
Uy = ég — 29 = —ka(ea — 22) — g1(e1 — z1) + (e3 — 23) = —kave — 111 + V3, (36)

V3 = €3 — 23 = J;3TOg(X) +e3 — ki3(€3 — 23) — (62 — 22) = @593(X) + e3 — kgvg — vo. (37)
Define z; = [x1,22,...,z;]T. With (11), (17), (27), and (32), for j = 1,3 it is known that

»é'jNN = S'Cj - S;Cj = &J;I‘@J(Ifj) +e; — 6ijNN~ (38)
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Defining m; = fI;JTHj (Z;), the following equation can be obtained as
ZINNZNN = 2NN (my + €5) = Bizinn- (39)

The derivative of V is derived as

3
V= Z (’yszjNNZjNN - @;'FVJ-_%J‘) + Zyil"i
j=1.3 =1
3
=D k4 Y my el = Y my [0+ vzzi) + 8,07 @]
i=1 7=1,3 j=13
+ Z [Yzizinn (m +€5) = 72385 25nn]
j=1,3
3
= Z —k:iuf + Z (ujsj + V2j2NNE; — ’yzjﬁjZJQ'NN - 5j°3JT°3j + 5j@ij;) : (40)
i=1 j=1,3

Using the following facts

2
€j 1
ZiNNEj — Bjzinn = —Bj (ZjNN ) + £
J 28; 43, ’
2
wr 1 2
~T * ~T ~ ~. J *
R o B

Then, the derivative of V is calculated as

2 2
. €; 1 €; 1
e ED V1 CICEWD U B o PTCMES B S
J J J J

=13 =13
* |12
- wj 1, L2
—.Z 53“%‘— 9 —4H%‘H
7=1,3
e\ 2 o\ 2 W12
2 J J ~. J
< —kovy — j;s [kﬁo (Vj - ij) + YzminBo (ZjNN - 25;‘) + do ||w; — 9 + P, (41)

where for j = 1,3, ko = min[k;], 8o = min[8;], vz min = minfy,,], do = min[d,;], P = 4i0 g2, + 2125(;'”"‘ g2, +
262” wr2nax7 Yz max = MAX[Vzi], Wmax = maX[Hw;”], and dmax = max[éj].

For j = 1,3, if |v; — 261% > \/15, or |z;NN — QEBJ'j| > \/%jnﬁo or ||w; — 7 || = \/éz, then V < 0. Then,
we know that v;, z;nn, and ||@;]| are invariant to the sets defined as below:

P EM
Qu- == ‘ j < )
: <”J il \/k:o i 2/<10>

P €
Qzinn = (ZiNN‘|ZiNN| < \/7 st 2;{)) , (42)

~ ~ P wmax
0, = (fial < /g + ).
P
QV2: <V2‘|I/2|<\/k ) (43)
2

So, all the signals are uniformly ultimately bounded. This completes the proof.

and
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Figure 1 Altitude tracking.
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Figure 2 System states.
5 Simulation

The effectiveness and performance of the proposed controller will be verified with the simulation. For
the velocity subsystem, the PID controller is employed and the parameters are selected as Kpv = 0.5,
Kiv = 0.001, and Kdv = 0.01.

The initial values of the states are set as vg = 7850 ft/s, hg = 86,000 ft, ap = 3.5°, 79 = 0, and ¢o = 0.
The step command is V., = 500 ft/s, h. = 1000 ft. The reference commands of h, and V, are gener-
ated by the filters wp1w2o/[(s + wn1)(8? + 2ecwnas + w2,)] and wy1w?y/[(s + w1 ) (8% + 2ecwvas + w2,)],
respectively, where w,1 = 0.5 , wpa = 0.2, 6. = 0.7, w,1 = 0.5, and w,2 = 0.2.

The control gains for the dynamic surface controller are selected as kp = 0.5, k; = 0.05, k&, = 1,
ko = 2, kg3 = 2. The parameters for adaptive laws are selected as v; = 0.051, v,; = 0.011, 8; = 2,
0; = 0.001, j = 1,3. The filter parameters are selected as €; = 0.05, ¢ = 2,3. The number of NN
nodes are set as Ny = 10, N3 = 33, with their centers z; and X being evenly spaced in [—0.1;0.1],
[-0.1;0.1] x [—0.3;0.3] x [—0.1;0.1]. To clearly show the improved tracking performance, the design in
this paper is denoted as DSC-PE while the design without composite design is marked as DSC-CLASSIC.
It is noted that the control parameters in DSC-CLASSIC are selected as the same as DSC-PE.
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The simulation results are presented in Figures 1-5. From the tracking performance shown in Figure 1,
it is clearly known that the DSC design could achieve the tracking task and DSC-PE obtains better
performance with less chattering. Similarly design could be found for system states in Figure 2. However,
with composite design the system converges faster to the desired reference. The reason can be explained
from the response of elevator deflection in Figure 3 and fuel equivalence ratio in Figure 4. From the
NN response in Figure 5, it is obvious that with the information of prediction error, the neural weights
exhibit smoother adaptation.

6 Conclusion

The composite neural tracking control for the longitudinal dynamics of hypersonic flight dynamics is
studied in this paper. The highlight is that the composite design [24] could achieve faster NN adaptation
and better tracking performance. The design is constructed with DSC scheme and composite learning,
while the uniformly ultimate boundedness stability of closed-loop system is guaranteed. Simulation
results of COM are presented to show the effectiveness. For future work, the flexible dynamics should be
analyzed and the large envelope flight is interesting.
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