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ABSTRACT

Model Based Predictive Control (MBPC) is a well-known control technique especially
in chemical industries and recently in aeronautics. Generalized Predictive Control
(GPC) is an algorithm of MBPC family. Although existence of adaptive version of
GPC, problems such as need for accurate modelling, linearization and online adapta-
tion to system variations are still questions.

In this paper a new control method is proposed named Linear Neural Generalized
Predictive Control (LNGPC). It uses a combination of Linear Neural Networks (LNN)
and GPC. LNN is used as parametric identifier that makes both linearization and pa-
rameter extraction. An Algorithm is proposed for online learning of system Input/
Output bounds and making corresponding weight scaling. This ensures the stability
of learning process even with variable system bounds. Online batch learning is used
in LNN identification. An interpretation to the LNN weights is proposed to get system
parameters as a discrete Transfer Function (TF). This given known order TF is then
passed to a standard GPC controller.

Automatic Flight Control Systems (AFCS) often faces many problems such as un-
modeled dynamics and fast parametric variations. LNGPC is tested with a realistic
longitudinal rotorcraft model in a terrain-following application. The simulations show
good results in terms of stability and adaptation comparing to other control schemes.
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NOMENCLATURE

Abbreviations
ADALINE ADaptive LINear Elements
AFCS Aircraft Flight Control System

BP Backpropagation Algorithm
GPC Generalized Predictive Control
e} Input / Output
LNGPC  Linear Neural Generalized Predictive Control
LNN Linear Neural Network
MBPC Model Based Predictive Control
NN Neural Network
TF Transfer Function
Symbols
A B Discrete transfer function denomisiacor and numerator as polynomial in g
1 NN Target vector
G System step response coefficients
1 NN input vector -
N, N> N, Minimum, maximum and control cost horizons
Ng NN Batch size (training-set length}

N,N., N, Length of NN input vector and system input and output delay line
NN output vector
q.,z Backward time shift operator

t Time variable
u System input, linear horizontal velocity
Uz Maximum absolute input signal
w NN Weight matrix
W, NN Weight system input sub-matrix
W, NN Weight system output sub-matrix
y System output
YU Maximum output maxirmum input rat o
Yonax Maximum absolute output signal
na, nb Degree of polynomial 4, B
A4 Finite difference operator
n Learning rate
A Control energy weight factor
To Set-point filter time constant
E Disturbance signal, white noise
Subscripts
Jj Value after j time steps in the future
m Model value
Syperscripts

Predicted value
Normalised value
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1. INTRODUCTION

Model Based Predictive Control (MBPC), or simply Predictive Control, is a family of
algorithms with common strategy. MBPC appears in the decade of 1970s and have
got a good reputation in the chemical industries and process control. [1]

The main strategy of the MBPC is as follows. A model of the controlled system is
used to predict its behaviour in the future. A known required reference trajectory is
given for some time steps in the future. Then an optimisation algorithm is used to find
the optimum control sequence for certain number of steps in the future that minimise
a certain cost function which includes future predicted errors and control increments.
A receding horizon technique is then applied where only the first control signal of the
optimum future control sequence is applied to the controlled system.

A milestone of MBPC was done by Clark ef. Al on 1987 with an algorithm called
Generalized Predictive Control (GPC){2,3]. GPC is known to control inverse unstable
systems, open-loop unstable systems, and variable dead time. It is also robust with
respect to modelling errors, over and under-parameterisation and sensor noise [4].
GPC has many variations, which are capable to deal with system constraints [5], mul-
tivariable systems [6,7] and to improve its stability [8-13].

Recently in aeronautics, GPC has been applied to terrain-following flight for a rotor-
craft [14,15], in aircraft guidance [25], for active flutter suppression [16] and recently
in control of an aeroelastic tiltrotor aircraft [17]

Artificial Neural Networks or simply Neural Nets (NN) are mathematical models of
brain-like elements claiming to model it in order to benefit from its computational
power. Linear NN are first proposed by Widrow and Hoff in 1960s with the name
ADALINE [20,21] and have been used as the typical NN architecture till the creation
of the Backpropagation algorithm (BP) which provides a tool for training nonlinear
multi-layer precptron neural nets (MLP) in the late 1980s [23,24].

Although linear nets have been invented before nonlinear ones, they still have some
attractive features, such as their ability to find best-fit linear representation of nonlin-
ear mappings and its relatively fast linear computations. Multiple output version of
Linear NN (MADALINE) exists also. [22]

Three possibilities exist for the utilisation of NN in a MBPC scheme:

¢ One is to perform identification using a nonlinear NN, like MLP trained with
BP. Linearization of the identified NN model is to be done every time step to
use it with a linear MBPC scheme, (e.g. GPC).

» Second is to use a nonlinear NN mode! with a nonlinear MBPC scheme using
a nonlinear optimisation technique (e.g. [19])

e The third alternative that will be addressed in this paper is to use a Linear NN
model, like ADALINE, with a linear optimisation MBPC scheme.

This scheme, although simple, seems to be a good alternative because of its fewer
requirements in computations.
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In this paper LMN are employed to perform bict discrate parametric identification
and linearization. After this a linear GPC con’ olli is used to control the nonlinear
system using discrete TF found online by the NN Since the NN is normally working
in the range [-1,1], another interesting feature ; rop osed and used in this paper is the
AutoScaling of the input/ target/ output signals by online learning of the system /0
bounds and corresponding scaling of NN weighis.

This paper is divided into six sections with the in'roduction being the first one. The
second section reviews the main idea of MiFC aind the derivation of GPC control
'aw. Linear neural inets and their application i1 01ine systern identification are de-
scribed in section three. The LNGPC control scheine is described in section four. An
application of the proposed control scheme is Jer ormed on a rotereraft in a terrain-
following longitudinal flight and compared to ar other published work. Finally, the last
section, section six, concludes the paper.

2. GENERALIZED PREDICTIVE CONTROL (G PC) ALGORITHM

The complete derivation of GPC is given in [1] Lut 1ere is a brief review
Starting from CARIMA mode!

AA(({l '(l):B(q’l )/\ L I Ed ) (1)
Where:
A(q")= l+ag ' +.. +a, g™
B(qv"):bﬁblq'1 b, A B e (2.)
A=1-gq"

Using polynomial division (also called Diophant ne equation) to divide 1 by A4
Note: A4 is a polynomial with negative power
We get:

Where £, and F, are polynomials calculated recursively
Substituting in (Eqn.1) and taking the predictior at time (7 + j )

b (S TY S o 7. [ RS 6 | ) p——— (4.)

Ncte that the prediction of € is zero
As seen here, the benefit of the use of (Egr.l) is to separate the future predicted
output from the actual measured output till the current time 2.

Performing the same on £ B by 1,

EB =G 44T oo imeisimmimmrsessmsssessassssassssasessanss (5.)

Substitute we get,
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e+ j16)=G,Ault + j—1)+ T, Ault —1)+ F,y(r)

: 3 T e (6.)
=GjAu(: +Jj- l)+ ya(i +_1)
Where y, is the free response of the system (response at Au=0)
¥, =T At R+ B ) socsessisossosnssmsaimimsninsnis (7.)
Now defining the cost function J:
N, N,
J= 3 [+ )-wle+ P AAY Bt j=1F o (8)
J=N,; J=1

Subject to: Au(t+ j-1)=0 for N, < j < N,where N, is the control horizon.
Note: This is equivalent to put infinite weights on control increments after the time N,

Then the prediction equation becomes in matrix form

O T (9.)
Where:
&y &wa & 0 0
Enn L :
G;=| ¢ 2o L (10.)
8o
Evy, 8 " Enp-myn [V3-Ny 41, ]

y=Dle+N,) #e+2) §+3) - He+N)f
i=[Au(t) Aut+1) - Ault+N,-1)f
yg=[ya(t+Nl) ya(H'Nz)r

w:[w(t+N,) w(i+Nz)]T

Then J could be written as (in matrix form)

F(F-w) =Wk B v (11
Minimise J to get optimum @ we get:
DT (X BT | Rt e (Y (12.)

Taking the first element of the control sequence (as described in the beginning of this
Section.1)

Where: k=ft 0 0 - of (G]-G,+1)".GI
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The incremental controller ensures zero offsets even with nonzero constant distur-
bance. The choices of parameters (N,, ¥, N, and 1) determine the stability and per-
formance of the GPC controiler. Some guidelines for selecting them exist in [3,4].
Note: An interesting theorem of GPC stability is:
A system of n-states is stable under GPC control if

1- The system is stablizable and detectable

2- fN,=N,2n,N,-N,2n-11=¢-0
Note: In order to ensure smeoth transition between output and the set point, a first
order filter with time constant () is often used.

3. LINEAR NEURAL NEYWORKS (LNN)
In this paper a simple type of the neural networks is used. It is called ADALINE or

Linear Neural Networks (LNN). it consists of & single linear layer with NV inputs and
one autput unit (Fig. 1)

Fig.1: The Linear Neural Network (LNN) structure

Its mathematical model is written as-

Or in matrix form,
O=W T4B oo et St (15.)

Where W, I and B have dimensions [1xN], [N>1] and [1x1] respectively.
Lipear neural nets (LNN) are generally simpler to be trained than nonlinear ones. The
Widrow-Hoff learning rule is often used for weight update [20]

AW =nel ......occooviiiiiiiieeeeee (16.)
Where:
e is the local error between target and actual output ( 7- 0 )
n Learning rate, a small positive real number

Two ways of learning exist: “Baich Learning” and “Incremental Learning”. In “Incre-
mental Learning” the weight update is calculated and applied with every training pair
.(i.e.inputltarget), where “Batch Learning” the weight update is averaged over a train-
Ing set with reasonable batch size N,
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The second type is used in this paper but the online version of it because of its accu-
racy and rapidity. The input and target signals are accumulated. Every N; samples
the training algorithm is applied to update the weights of LNN.

LNN is used in this paper to perform instantaneous discrete linear parametric identifi-
cation of the controlled system, which is generally nonlinear.

A teaching signal with sufficient rich dynamics is applied to the to excite the system
dynamics.

Y=g Yir Y-z o View, e Yg 10 Himu] -------------------------- (17.)
§ SUS S, SR N b
N, N, P

Where f(.) is assumed to be a linear function.
To make the identification the current input (1) and previous system output (vis) are
given with sufficient delays (N, and N,) to the LNN as shown in Fig.2

Because the NN can only identify Bounded Input Bounded Output (BIBO) stable sys-
tem the idel;ltiﬁcation capability increases if the input and output signal are multiplied
with A(=1-z"").

Where U, and Y,, are the inputs and output portion of the Neural Network input vec-
tor respectively.

Another feature proposed and used in this paper is to augment the NN with two addi-
tional parameters (Uy.. and Y,.) to represent the input and output range. The values
of these parameters are determined online after each batch (N samples) and the
whole training set is normalised with respect to them as follows:

;[E’] v, + ¥, x1]
%,
i=§¥*- vielLN,]
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The batch learning is performed on the normalised training set {TIZ } i=123,..N,

Teaching signall 5 >
enerator i ¥ System Ve
Aste Aty
N Aty Training
i T Set
_,>|: Vil Vet i
—’@A g T~ i {7 LNN Ay, +_ y
i v +
Vi A = I=Np
A T
Vi1
Fig.2: Online LNN Batch Identification
The network simulation equation of the scaled LNN is then:
O=W-THB oo (20.)
In this case the bias is equal to zero (no disturbance case)
O=w-I
. Toiommamnnnnnomsammms 21
AJTL' :[;VMEWL']'[f‘ ( )
T Y
LTS AR VY (A AR R et (22.)
Where dimensions of W, and W, are  [1xNu] and [1xNy]
Ayel-¥,..V..] suel-U, Ui, (23)
Replace the scaled signals with its equivalent
A ¥ = (WU, )W, U+ (VY )W, Vg i, (24)
Muitiply by ¥i.x we get:
Ay, =W, Uy x (Voo /U e AW, Y i 250)

The parameter (¥, /U,..) is the most important parameter in the scaling of the LNN

and for simplicity we will note it as (¥//) - (}Tm

“ max

When the IO Bounds changes, and in order to keep the learned information the net-
work have to generate the same output for the same input

()[:()2 for [1 1‘]’;
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Where (1) denotes before scaling and (2) after scaling
(A = (A), e, (26.)

For the same (U,), = (,),=U, and (v,,), = (t..), =%,

wu),-U, (¥ /U), + )Y, = Wae),-U (Y /0), + (9 ), Yoy oo (27.)
Then,
) T (S (28.)
(r/u),
w,), = #/0), (), oo (29.)

Then in order to maintain the attained system identification information the input
weight matrix (#, )must be scaled with the factor (¥/U/),,, /(¥/U)

new

Comparing the netwark simulation equation with CARIMA model without disturbance

A(q")Ay(k) = B(q'l)Au(k) ........................................ (30.)
Au, Ay, ,
Ap =W ¢ BBd D | sseserneen (31.)
u ¥y
Aty y, Ay, N,
Then,
Ay, Au,
hoiw)| ¢ [=@)wm | f |, (32.)
AV, Auy y o
Comparing we get:
A=| i -w)]
B=(r/u)-w,
e e— (33)
nb =N, -1

A, B with dimensions |V, + 1 x 1|, [V, x 1] respectively
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4. LINEAR NEURAL GENERALIZED PREDICTIVE CONTROL (LNGPC)

Y e
Vi y

Reference w GPC % | System ! 1
Trajectory > X

E I 7!

; L

AiBo} r
5 Vi LNN
| y o

Fig.3: LNGPC control scheme

The operation of the LNGPC scheme (Fig.3) is as GPC system described in Sec-
tion.2. A SISO controlled system is assumed in this scheme. GPC should start with a
simplified reduced order model to be able tc control the system.

After the first batch of samples, and every batch of samples, LNN extract the linear
discrete transfer function as described in Section.3 and deliver it to the GPC control-
ler.

An encouraging feature of the GPC controller is its robustness to modelling error and
over and under parameterisation (error in estimate of system order). Another interest-
ing feature of the present scheme is that the LNN mzkes both the linearization and
identification at the same time with reasonably fast linear computations. So, this
scheme is valid also for non-linear systems control.

The present control system is very suited to trajectory control applications. Its per-
formance, as any MBPC scheme, is improved when the reference trajectory is given
as a sequence of future desired values, not just as a single desired value, every time
step.

In the next Section the LNGPC scheme is used successfully to control a two-channel
multivariable weak coupled system.

5. APPLICATION

The adaptive capability of the proposed LNGPC- scheme is demonstrated using a
realistic rotorcraft terrain-following application Fig. 4. The results of the simulation are
compared to the results of an adaptive GPC scheme with RLS identification [14]. The
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simulation uses the same vehicle and controller parameters. As described in [14] the
bare-airframe rotorcraft dynamics to be used are given by the following set of linear
longitudinal state equations:

-001 0 0 -3227u] 0 0

u
¥ 0 -1 101 0 0 156
= "4 d ..(34))
q 0 0 -56 -625|q| |0133 0 |4,
0 o 0 1 o |o 0 0
Where:

u = Longitudinal velocity perturbation in x-body axis, [ft/sec]

w = Vertical velocity perturbation in z-body axis, [ft/sec]

g = Pitch rate, [rad/sec]

6 = Pitch attitude, [rad]

U, = Trim airspeed, 101 [ft/sec] (60 kts)

d, = Longitudinal cyclic control, % of full deflection

4, = Collective control, % of full deflection

Taking into consideration the realistic aspects, the authors of Ref. [14] use a stability
augmented vehicle (Fig.5) with Stability Augmentation System (SAS) Transfer Func-

tions: G, and G, defined as,
G, = 909]§s/1.2)+ 1]
[(s/1.2) +1]
.......................................... (35)
1.39(s + 1)
32

The commanded vertical flight path and horizontal speed are given by

h(t)=20(t - * ). [sin(0.05(271)) + 5in(0.06(2xt)) + sin(0.08(27))] [ft]

(1) = 2001 ). [sin(0.05(271)] + U, [ft/s]
The term [1 - exp(~.051)] is added to relax the trajectory at the start of simulation (1=0)

and to prevent unrealistic transitions
The atmospheric turbulence is not included in the simulation

G,=

,,,,,,, (36.)

Finally, the following non-linear kinematics equations are employed to describe the
flight path:
h= (Uo + u)sme —weosH
A =w—(U, +u)g

An internal model of the vehicle is represented by the following two discrete transfer
functions

ulo, = [a,z" +a,z a2 + ag"]/[] bz ~bz bz - ‘z_‘] ........... (38.)
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hlA, = [clz" +ez ez + c,z"d]/[l —dz ~dyzt —d2 —d.z"'] ......... (39.)

The coefficients a,,b,, ¢, and d, are found by the LNN as described in Section.3

LR Mt |

The simulation of the rotorcraft is done as following:

(1) The GPC activity begins with a control law developed from a nominal model of

the vehicle. This nominal model employed reduced-order system transfer
functions (table-1). Although the GPC is calculated initially using the reduced-
order models, the vehicle simulation always uses the complete state space
model of (Eq.34) with the stability augmentation system of (Eq.35) and (Fig.2).
In this example the following GPC parameter values were selected as Ref.
[14]:

N, =1 (0.1 secs)

N, =20 (2 secs)

N, =10(1 sec)

1, =0.5secs
h, =10, %, =7.10°

2y

(2) LNN is employed to identify the TF coefficients. (Eq.38,39) with a batch size of

100 samples (10 sec).

(3) Every 10 sec the internal model of GFC is updated with the new values ex-

tracted from the LNN

(4) Forty seconds into the run, the gain on the transfer function G, in (Eq.35) was

halved, simulating a "soft" failure in the stability augmentation system respon-
sible for vertical acceleration control. After 10 sec the LNN extracts the new
coefficients to be used by the GPC controller.

The results of simulation of the adaptive LNGPC system are shown in Fig.7. It should
be noted that without the LNN online identification, the GPC with its initial model
could not control the system and produces unstable results Fig.8. Finally, the results
of Ref. [14] (Fig.9 in [14]) are compared with the present results in Fig.6.

The following remarks can be noticed:

The actual and required outputs of Ref. [14] are apparently the same as the
present simulations.

In the present work the initial tuning period is the half (10sec instead of 20sec)
The soft SAS failure produces more sever oscillations in [14] than the present
simulations

IMPLEMENTATION

The simulations are done using MATLAB 5.3 / SIMULINK 3.0 environment. Neural
Networks Toolbox 3.0 has been used as a base for developing the neural network
model. Some features are added to the basic linear networks to be able to deal with
online I/O bounds scaling and Online Batch Learning.
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To implement the system of multivariable with separate channels, an array of NN ob-
jects is used. For the GPC controller, similar work was done. All the parameters of
the controllers were stored in an object with the internal model then array of these
objects is used also. Every GPC object is associated with a NN object and the sys-
tem parameters are transferred in between every batch.

6. CONCLUSION AND FUTURE WORK

The present study concludes that:

LNGPC can deal adaptively with time varying system.

The proposed algorithm can work with even nenlinear systems.

A physical interpretation was done to the LNN weights by terms of system pa-
rameters in system identification applications.

LNGPC can successfully control a rotorcraft in a terrain-following application
even with SAS failures.

And suggests as a future work:

Study of LNGPC with multivariable more coupled systems.
Study the real-time application of the proposed scheme.
Work with system constraints.

Work with disturbances.

Work with a complete airplane model.
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Table 1: System Transfer Functions

System transfer function (with SAS)

h o —2.0855' —13.7825° - 24.8455" ~13.2785 - 0.13

u — 35684765 — 356.84765
57 +8.6955° +25.698s" +13.3415° +0.135°

0, S 46715 1125775 +18.64235° +1189242 +0.1171s a_

Reduced-order transfer functions

u —356.8476 h  —-2.085
0, s'+5715° +6.8675" +11.775s + 0.1171 a, s(s+2.0847)

c

z-transfer functions of reduced-order system

u _—0.0013z" -0.0131z" - 0.0117z" - 0.0009z™* h _ -0.0003z"" - 0.0013z* —0.0003z™
0, 1-3.5081:" +4.59:" - 26469z +0.5652 * a, 1-281187" +2.6236z7 -0.8118°
(Sampling time = 0.1 sec) (Sampling time = 0.1 sec)

Fig.4: The Terrain-following task
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with NN identification [adaptatlon ON]
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Fig.8: GPC, Rotorcraft, Terrain-following application
without NN identification [adaptation OFF]
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