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Abstract; This paper presents a generalized predictive self-tuning controller for multivariable lin-
ear systems (MGPC). As this algorithm is to solve the controller using the identification results and
““not to compute the Diophantine equation on-line, which reduces the calculations greatly and simplifies
designing ‘of control'system‘s Simulating results showthat the proposed method can be applied to the
 multivariablé stochastic systems which can be unstable and/or nonnununum—phase plants with ‘colors
noise disturbances. ‘ ' ‘ o ' :
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1 Introduction ,

N A novel generahzed predxctlve control (GPC) was developed by Clarke,D W "s;, Mohtach,
C. and Tuffs, P. .S:. (1987), YUAN Zhuzhi and LIU Ruihua (1988), Albertos, P. and: Orte—
gas R (1989) et al. to improve the robustness of the commonly used self-tuning controllers. It-

was shown that the algorithm of GPC is effective in control of single variable systems with vari-

able parameters, variable dead-times, and variable orders of models etc. The extensxon of the al-
gorithm of GPC to multivariable systems was carried out by Kinnaert, M. (1987), Shah, S, L.
(1987), HU Weili and LI Qingyuan (1988). However, their methodsare applicable to the sys-~
. tems without disturbance or wtih white-noise disturbances only. The purpose of this paper is to '
generalize the algorithm of GPC to multivariable systems with color-noise disturbances. First, us-
ing discrete-time input-output CARIMA model, we present controller of the plant. Second, 1t 1s

shown, via sunple algebraic manipulations, that the key prediction equation used for MGPC can  , .

be easxly derived from the identification result coefficients efficiently replacing the Dlophantme e-
quation recursions.
2 System Model and Cost-Function ;

Consider a multivariable linear discrete-time system described by thefollowing CARIMA
model » et
AG9() = BGDu(h — D -+ 0GHeEm /4, -
Where y(k) is the output vector, u(k) is the input vector, and{£(%)} is a sequence of inde- ‘

pendent, equally distributed, randomvectors with a zeto- mean value and variance matrix
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&LE(k)E'(R) ]=R, and the 4 represents the differenceoperator 1—z~!, The vectors y(E) 5 w ()
.and £(k) areall of dimension p, respectively.: The:polynomial matrices. (in the backward shift op-
erator-z71): 4, B and C are all of dimension X p and can be: expressed as. ,

A@EY) = I + Az™! + oo0 + Ayz™™

B(z7!) = By+ Bzl e o+ Bm*“”’« :

C(Z”l)“1+012_1+"'+CN32"N° 5 vy e
Det (By) is assumed to be nonsingular, and the zeros of det (C. (z“)) are to lie inside the unit
circle. The cost functlon of interest is presented as. . .

J(N) = {Elly(k-l—y)—w(k-i—a)lli 2||o<z—1)4u<k+;~—1>||i} (2

i g=1 ,'
Where N is the maximum costmg horizon, : }.—-dlag[}q, ) 2.,] isa posmve definite matrix and

@z =1+ le 1+--- +QN,z“”' isa control-welghtmg functlon matrlx The w(k) is the refer-
ence signal which can be obtained from the simple ﬁrst—order model as follows
w(k) = y(&), e
: w(k-l—j)——aw(k-l—j—- 1)+ (I——a)y,(k) i
:Where ¥ (k) is the set—vector at the sample—mstant k, and a-—-d1ag[a1 > oo ,a,] xs a posmve semi-

,,‘defxmte matnxmth % bemg between 0 and 1 for each z. :
The multivariable predlctxve model can be descnbed as follows
We consnder the followmg 1dent1ty .
06 = BGDAG™ + <z—1> L 3
Where Az )= A(z“l)AAI +A1z‘1+-~~+ZN +1Z “""*1) the polynomlaI matrices F; (z“‘) and
B;(271) of dimension pXp are uniquely defined by the gwen A(z“‘) c (z“l) and the predxctlon
internal j.. The degrees of E,(z“l) and R (z‘l) are J— 1 and N -—Max(Na, —1), respective-
ly:  Also, we mtroduce new polynonual matnces H (z 1) S (z 1) Elj(z 1), By;(271) given
by

Sl L FsE, W
| | BGEHOGEY = By + By G S ®
'Where the degrees of H,(z 1) and Elj(z 1) are j'—“l S,(z"l) and Ez,(z 1) are N,,——l and
A :——1 respectively.

We rewrite the process model (l) as o

S AGEOIG+ ) = B(zfl)Au(k + j— 1) + c<z—l);<k + 0. O ®
Premultiply the above equatnon thh B; (C) results in - o

By (k+ ) = EBuCe +j — 1) + ECECk + .7) NG
Deduction of (3), (4) and (5) yields = e LRI
Ty + ) =8 du(k — 1) + Ry (k) + HAu(k +i=1D+ Euf(k 4D+ Ez;§(7‘)
=0p() + HyuGh+ j — 1) + Bgh+ ) + B, 0 o (®
Where ;€ P A¥+D) contains the coefficients of §; (z"‘) and R;(z™1) ; transposition is in-
dlcatedbyTand e : : g
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PO & [T — N,y ooe 0Tk~ 1) 13k — N, D€ REANFDxDXL (g
By combining ‘all the outputs into vectors 7(kN) andg[ (k— 1)N], all the inputsinto a Vec.

tor 4u(kN), all the noise vectors into cj(kN ¥ and §[ (lc-l)‘N]’,’ “one obtains'the':key prediction o_

quation ‘ :

CYEN) + Fg[(k — 1)N] = bp(k) + HAu(EN) + 6”1§U¢N) + é”zé[(k - I)NJ (10)

Where &), %, € BEXDXEXD gp0 Toeplitzmatrices defined as follows
B4 lower triangular with tirst column 7, ¢F,- 3 0%es 0,500, 07 e
@24 upper triangular with first row [05-450; CM,, +Of) and

& =T%,, é’z—E%, T S s e e e
0 & [61,61, 65 € ROPX@ARADXD (12a)
1M A G+ Dk + 2), 057G + W] g, (120)
I CHOWN P OWI + D, TG 4 N — DI € g, o ax
SEN) ALEG+ 1,8 + 2, SEG+ Nﬂr € g, gy

Eq. (10) can be written as
IO =— STFg[G — DV] + w1 IHAu(kN) O
) ' + ?1 1é°1§(7¢N) + %’1 ]é"zﬂ:(k - l)N] S ¢ 1))
:Also, ‘we defme . o o
J o Q(Z'—l) = Qu(z—l) + z jsz(zhl)’ - o o
; 3@1,(2 1) =j— 1’ aqzj(z ) —N & J(whenN >j), -
o 2, A lower triangular with first colﬁmn [1,01,- ’ ’QNq’O OJT,
2, A\ upper tnangular w1th fnrst row [0 "y 0 QN,,, ,QJ '

Let the reference signal be ‘

L mamga G + 1), w"<k + 2>, ,wff(‘kf% MIFeamon g5

and the input - welghtmg matrix be TR AR Sk ik s
AA [As4,. A € @(Nx;)x(zvx;)

Then the expectation of the cost~functnon can be wntten as I

T = E(l7GN> — G + nglmckm + @Au[(k - 1>N3u b

i e 9
J(N) -—éa{” - ?1 %zy[(k - I)NJ + 6;571 1HA?1(7¢N) + "751 10‘}’(70) + ETEEGN)
o E FTEE (ke — l)N] — w(kN)”; + l[QlAu(kN) + Dodal (& — 1)N]|[2). (17)
3 The Control Law: S ‘
 Now minimizing (17) with respect to ABuCEN) vields
4N) = (H'"ET T H + 2T2,) H'ET[w(kN) — F10p k)Y
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+ FTIFH(E— DN ] — QfAQZAu[(k - l)N]) (18

Where (+)T denotes [[(+)T]7% ' , ;
In the following section we assume N_Z>max (Na+ 1, Nb, Ne)+1: anddenve one expremon
of Gp (k) in the key predictionequation (18). : S
" Define o s ny By Br6 RVXPXEXD (Taeplitz matrices) as follows:
: oy 4\ lower triangular with fitst column [T, AT;++ , AR;415 05
ey £\ upper triangular with first krow,[o, o 05 Angipiyeees Ar s il o (19) :

- By £y lower triangular with: first column [B'5~ Bl e ,'Bm,(), sesly OJT Ol o

G, [\ upper triangular with first row [(0,¢«, 0, Bysy»+=sBi]. -
From (6) (12b) (12¢);, .(12d) and the:matrices. defined by (11) (19), it is easy to show

,OJT st

~‘o€fi?7(kN)"+ oL (k "'k"{l)N]‘f =G5 4uCkN) ""”;%ZA'EE(’C i ‘1')N]"“‘5 e
+ %‘15(“\’) + ‘?25[(7" - 1)N:|,

i e. s T TR P BT e
FEN) =T~ vafz?/[(k ~ l)N] + @Mu(kN) + @zdu[(k = l)N]
+ FLEGNY 4+ B[ — DN} g S (20
«Considering (3) ,-:(4); :(5) and: the matrices defined by (11) 5 €19),y we get the identities
&y = Evez’l, E%l = H, EF, = &, EE,= &
i. e.

i o JZ{1 1%1 ET H, Ve{l lWl Cg’; é’l, qul—l%')z — %fléaz-
Comparmg Qo wnth the key predwtxon equatlon 13, yvc have . ’
@ lesv(k) = (% 1% rlea?2))gL Gk — 1)N] + ﬂ’l 1%zAu[(k — 1N 22)
. Replacmg (22) m (18) we. havek e control law. ‘ . . =
‘ m@M—&%uﬁmﬁ%a+QMQ)%@uﬁﬂmwy+ﬂ@wwuw*1

— AT — DN)] — TR, (k — 1)N])}
—(%%0@1 + APy 1{‘@1"/?{0[%1?0(701‘1) + uef’zy[(k - 1)N]

— Bpli((k — DN)] — LA (k — DN]). (232)

Where o = (DL | (230)
4 Simulation Results T L

To 111ustrate the proposed method two different models are utxhzed for simtilal and

- thexr respectlve mathematlcal modeis are. represented. as foHOWS !
Model 1 Stable and nonnnnunum—phase plant ‘ e ' ] B
yk) = A;y(k — D + Azy(k —2) + BuG— 1) + Bzu(k ~*'2) + é(k) -+ 015(76 — 1)

r14 02" ”_['—-—048 —*01—] _;I—l 0']
. Where... L() 1 0 Q_J g L 0 s e %: ZJ By == L()
I..l 5 1..| l,.___ 0.5 0 _]

' Model'2 - ‘Unstable:plant - i o s
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y(k) = Aw(k =1+ Blu(k — 2) + &(k) + Cig(k — 1).
0.9 —o.5] 0] =02 —o0.4
=05 02]’ 1=’Lo 0 T Loz —od
The disturbance noise for each of the two models has a zero-mean: valueand variance: Matrix
diag[0, 1, 0. 08]. The initial value ofthe convariance matrix was chosen to be 100 times the y.

A1

Where

nit matrix for alltwo models. A standard recursive-least-sequares parameter estimator mu}umed to
wtlmate the parameter matrices in4(2~!), B(z~1) and C(z7'). The forgetting factors B; and Be
are setequal to 0. 98 and 0. 95 for model 1; 0. 98 and 0. 96 for model 2 ,respectively.

For model 1, the parameters of MGPC are chosen as follows

- Na=2, Nb.=3, Ne=1, N-—-4,a-—d1ag[0 45, 0. 47, z—-dnag[() 15,.0: 2],

Q(z™1) = I + diag[0. 4, 0. 3]z"L . s
The simulation results are shown in Fig.1.a (the first circuit) and Fig. 1. b (the second
circuit),

For model 2, the parameters of MGPC are chosen as follows ;

Na =2, Nb=2, Ne =1, N = 4,a = diag[0. 4, 0.45], A—*dxag[l 1,.1. 0],

Qz ™) =] 4 dlag[0 4, 0..457=1, ; R R
The - simulation results ‘are shown- in Fig. 2. a (the first circuit) and Fig. 2: b (the second

circuit) .
401 6011 '
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—50 Py . . Fig 2. MGPC ST control to model 2 Qf the first circuit
Fig la MGPC ST control to model 1 of the first circuit -
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Fig 1b MGPC ST control to model 1 of the second circuit Fig 2b' MGPCS‘I‘ contral to model 2 of the second circuit
5 Conclusions

A generalized predxctlve controller of multivariable hnear systems: with color—nmse distur-
bances has been developed This algorithm is directly to solve the:controller usmg the identifia-
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tion results, so that it reduces the calculations greatly. Simulations have shown that the proposed
method is good in adaptivity and robustness.
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