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Finite Horizon MPC for Systems in Innovation Form

John Bagterp Jgrgensen, Jakob K. Huusom, James B. Rawlings

Abstract— System identification and model predictive control
have largely developed as two separate disciplines. Nevertheless,
the major part of industrial MPC commissioning is generation
of data and identification of models. In this contribution we
attempt to bridge this gap by contributing some of the missing
links. Input-output models (FIR, ARX, ARMAX, Box-Jenkins)
as well as subspace models can be represented as state space
models in innovation form. These models have correlated
process and measurement noise. The correct LQG control law
for systems with correlated process and measurement noise is
not well known. We provide the correct finite-horizon LQG
controller for this system and use this to develop a state space
representation of the closed-loop system. This representation
is used for closed-loop frequency and covariance analysis.
These measures are used in tuning of the unconstrained and
constrained MPC. We demonstrate our results on a simulated
industrial furnace.

I. INTRODUCTION

Surprisingly, model based control such as model predictive
control [1]-[11] and system identification [12]-[22] have
evolved almost independently. Even though system identifi-
cation is the major part of a model predictive control project
and accurate models are essential for good performance of
the resulting controller, little attention is given to system
identification in the model predictive control literature. Mod-
ern linear model predictive control is based on constrained
linear quadratic regulators, state space models, and output
feedback using Kalman filters equipped with disturbance
models to have offset free control [23]-[25]. The system
identification literature is concerned with identification of
input-output models such as finite impulse response models
(FIR), auto regressive models with exogenous inputs (ARX),
auto regressive moving average models with exogenous
inputs (ARMAX), and Box-Jenkins models. Like subspace
identification, these input-output parameterizations may be
realized as a state space model in innovation form. The state
space model in innovation form has correlated process and
measurement noise, while the state space models used in [1]—
[11], [23]-[25] have uncorrelated process and measurement
noise. Most textbooks on linear quadratic Gaussian control
(LQG) do not treat the case with correlated noise [26]—[35]
with [36], [37] being notable exceptions. The first complete
treatments of the LQG with correlated noise structure seems
to be [38], [39]. To apply LQG to linear models obtained
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using methods from system identification, i.e. state space
models in innovation form, the case with correlated process
and measurement noise is essential.

In this paper, we state that FIR, ARX, ARMAX, Box-
Jenkins, and subspace methods give linear time invariant
stochastic state space model in innovation form. To have
offset free control in the face of unknown disturbances,
the model obtained from system identification procedures is
augmented with a disturbance model in ARMA-form. The
combined model is also a linear time invariant stochastic
state space model in innovation form. This model is a
special case of the linear time invariant stochastic state space
model with correlated process and measurement noise. We
state the optimal filter and predictor for the linear time
invariant stochastic state space model with correlated process
and measurement noise. Using the separation principle, we
apply the predictor for the correlated case to formulate the
finite horizon unconstrained predictive controller and develop
an explicit expression for the optimal control. Due to the
cross correlation of the process and measurement noise, the
feedback part in this optimal control is a linear combination
of the filtered state as well as the filtered process noise. We
use the explicit expression of the feedback control law to
develop a state space model for the closed-loop system. This
model is used in tuning of both the unconstrained and the
constrained predictive controllers. The system has bounds
on its inputs and its rate of input movement. Therefore,
we develop a finite horizon predictive controller with input
constraints using the predictor based on correlated process
and measurement noise.

This paper is organized as follows. Section II discusses
input-output model parameterizations and their realization as
state space models. Section III briefly develops the Kalman
filter for the case with correlated process and measurement
noise. Section IV presents receding-horizon regulators with-
out constraints and with hard input constraints. Section V
demonstrates the tuning of the controller on a simulated
industrial furnace. Conclusions are presented in Section VI.

II. INPUT-OUTPUT MODELS AND REALIZATIONS

The model used by the predictive controller in this paper
is an input-output model with ARMAX structure

Alg Yy = B(g Yur + Clg Ve (1)
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in which A(¢~!), B(¢™!), and C(q~!) are polynomials in
the backward shift operator

AlgY) =T+ A1 4+ A 2+ ...+ A" (Ra)
B¢ Y)Y =Biqg ' +Byqg?+... +Bg " (2b)
C’(qil) =I+Ciqg +Cog " +...+Crg™ (2¢)

The model (1) may be identified from input-output data
{yk,ur} using system identification technologies [13]-[19].
(1) is sufficiently general to include FIR, ARX, ARMAX,
and Box-Jenkins models. Like models identified using sub-
space methods, (1) can be realized as a state space model in
innovation form.

To have offset free control in the face of unmeasured step
disturbances, the model (1) is augmented with a disturbance
model. The disturbance considered in this paper is an ARMA
type model

F(g "er=G(q¢ ")er er~N(0,R.) (3)

with
FlgY=I+Fq '+ +...+F,q ™  (da)
GlgY)=IT+Giqg ' +Gaqg?+...+Gpg™ (4b)

While the time series literature [14], [15] suggests simul-
taneous identification of the polynomials in (1) and (3), the
predictive control literature [6, Section 4.6] recommends that
the disturbance model (3) is used to tune the closed-loop
properties and robustness of the resulting predictive control
system. To have steady-state offset-free control, F'(¢~1) =
I—1Iq~', and the closed-loop performance is typically tuned
by selection of G in G(¢7') = I + G1¢~ . (3) may be
realized as a state space model in innovation form.

The combined model (1) and (3) may be realized as a
linear time invariant state space model in innovation form

(52)
(5b)

Tyl = Az, + Buy + Key,
Yy, = Cxp + €5
with e, ~ N(0, R;).
III. FILTERING AND PREDICTION

In this section, we develop the filter and predictor for the
stochastic linear time invariant system [40]

Tpt1 = Az + Bug + Gwy, (6a)
Yp = Cxp + v (6b)
with
Lo NN(£0\—1,P0\—1) (7a)
Wi 0 wa R’wv
~ N ) 7b
o B

It is important to notice that the process noise, wy, and the
measurement noise, vy, are correlated, i.e. Ry, = RJ,,, # 0.

Let Zy = yo and Ty, = {Zyp—1,up—1,yrr for k& =
1,2,.... Then the conditional variables are normally dis-
tributed, i.e. wk+j|Ik» ~ N(i'k+j|k7pk+j\k)a wkﬂ-\Ik ~
N(@h ks Qrpgir)s and YpyilZe ~ N(Grysjins By krjik)

for j = 0,1, 2,.... Filtering and prediction in (6)-(7) corre-
spond to computation of the conditional means, ;1 =
Edxpij| T}, g = E{weij|Ze}, and Jrygp =
E{y.,|Zx}. and the conditional co-variances, Pyjjx =
VA{xys| T}, Qryjlk = V{wi+|Zx}, and Ry ktjie =
VA{y;|Ti}, for j =0,1,2,....

Remark 1: The model in innovation form (5) is a special
case of the linear model (6). (5) may be expressed in the
form (6) using G = K, wy, = v = €. Consequently, the
model in innovation form (5) has correlated noise: R, =
Ry = Ryw = Ry = Re.

Remark 2: FIR, ARX, ARMAX, and Box-Jenkins models
may be realized in innovation form (5). State space models
obtained using subspace identification are also in innovation
form (5). Therefore, all these models have correlated process
and measurement noise.

Remark 3: When the process and measurement noise are
independent, R,,, = R}, = 0, wi4;|Zi ~ N(0, Ry, for
j=20,1,2,.... This is a special case of the situation treated
in this paper.

Theorem 1 (Riccati Equation Convergence): Let R,, >
0 and define

Ae =A- GvaR;ulc
Qe = Ruw — Ruo Ry} R,

(8a)
(8b)

Assume that 1) (C, A,) is detectable, 2) (Ae,GQé/z) is
stabilizable, and 3) Py _; > 0 (positive semi-definite).

Then the sequence, {Pk| E—1 }szov generated by

Pk-i—l\k = Apk|k—1A/ + GwaG/
— (APy—1C" + GRyw) 9)
(va + CPk|kflc/)_1(APk|kflc/ + Gva)l

converges to
lim Pk+1|k =P (10)
k—o0
in which P is the solution of the discrete algebraic Riccati
equation (DARE)

P = APA' + GRuyuG'

— (APC' 4+ GRyy)(Ryy + CPC') Y (APC' + GRyy)'
(11)

By assumption 1) and 2), this limit, P, is unique, positive
semi-definite, and stabilizing (i.e. A — K,,C is stable).
Proof: See [40]. ]
In the following, we assume that the system is stochastic
stationary, i.e. that Pp_; = P. P is computed as specified
in Theorem 1. Then the gain matrices used by the filter and
the one-step-ahead predictor may be computed as

Rje = CPC' + Ry, (12a)
Ky, = PC'R;; (12b)
Kjpw = Ru Ry, (12¢)

Kpe = AKfy + GKpyy = (APC' + GRyy) R}, (12d)
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The filtered estimates, Zy|;, and Wy, are computed by

er = Yk — g1 (13a)
Ty = Tppp—1 + Kraex (13b)
Wrik = Krwer (13¢)

and the one-step-ahead prediction of the states, Tp41)x, as
well as the (j + 1)-step-ahead predictions may be obtained
using

£k+1\k = Ai‘k‘k + Buy + Gﬁ)k‘k (14a)
Epi14gk = Afpyje + Bugs;  j=1,2,...,N _114b
(14b)

gk—&-]\k :Ci.k—‘r]lk j = 17277N (140)

Combining (13b), (13c) and (14a), the one-step prediction
may also be expressed as

Tppie = AZpj—1 + Bug + Kpzep (15)

Remark 4: Models in innovation form with Py_; = 0
converges to limg_ o Prx—1 = P = 0. Therefore, Ky, =
0, Kfu, = I, pr = K, i‘k‘k = i’k|k—17 ﬁjk|k = €k, and
Ttk = Aﬁ:k|k_1 + Buy, + Key.

Remark 5: A key observation is that when the process
and measurement noise are correlated (R, # 0), the gain
Ky, # 0 and the process noise term in (14a) are in general
non-zero. When using the separation principle and deriving
the optimal regulator, it is important to include this term. For
the usual case with uncorrelated process and measurement
noise, Ry, = 0 and Ky, = 0 such that wy;, = 0. In this
case, the term Gy, in (14a) is zero and drops out.

IV. MODEL PREDICTIVE CONTROL

In this section, we use the predictions (14) to develop
receding horizon optimal regulators. We state the optimal
control law for the case without constraints. We also state
the quadratic optimization problem for the case with hard
input constraints.

A. Unconstrained MPC
Define the objective function by
N-1

1
¢:§Z

j=0

. 2 2
Yk+144)k — Tk+1+j\k-||Q + [Auktjlls  (16)
The first term penalizes deviations of the predicted
N N-1 .. .
outputs, {yk+j+1|k}j:0 from the anticipated set-points,

{rk+j+1|k};.\/:_01. The second term is a regularization term
that penalizes excessive movement, Auy = up — ug_1, of
the manipulated variable. It used to ensure smoothness of the
solution.

The finite horizon optimal control problem with the ob-
jective function (16) and the predictions (14) may be stated
as

min ¢ s.t. (14)
{115

a7)

The solution to this quadratic program may be stated explic-
itly as

Ug = LyZp) + LwWrx + LrREE + Lyug—1 (18)

R = [rkﬂ‘k; The2lk; -+ rk+N‘]€] is a vector with
the anticipated future set-points. The derivation and the
expressions for the gains, {L.,, L., Lr, L, }, are provided in
Appendix I. Appendix II derives the corresponding closed-
loop properties.

Remark 6: For a model in innovation form with Py _; =
0, the innovation is, ey = Y — C:%Mk_l, the controller is

Ug = LyZp—1 + Lwer + LrBg + Lyug—1 (19)

and the one-step prediction is 11, = AZpp—1 + Bup +
K €.

Remark 7: Note that the optimal control law (18) includes
the term L, wy,. This term arises due to the correlation
between the process and the measurement noise. In most
derivations of the LQG controller this term has been ne-
glected. Therefore, such control laws are not applicable
to models with correlated process and measurement noise.
Accordingly, they are not applicable to state space models
in innovation form.

B. Input Constrained MPC

In practical control applications, the inputs are bounded
in size and rate of movement. Consider the input bound
constraints

Umin < Uk+5 < Umax .] = Oa R N-1 (20)
and the rate of input movement constraints
Atpin < Auk+j < AUpax J=0,...,N—-1 (21)

Then the open-loop finite horizon optimal control problem
with the objective function (16), the predictions (14), and
the input constraints (20)-(21) may be stated as the convex
quadratic program
min
{urts 350"

s.t. (14), (20), (21)

(22a)

(22b)

Only the first input, ug, of the optimal input sequence,

N-1 . . .
{Uk+j}j:0 , is implemented. Consequently, this regulator
can be stated as the function

L N
up = Tk Wk {Tk+j|k}j:1 ,Uk—1) (23)

in which it is understood that the function, u, involves
solution of a convex quadratic program. It should be noted
that (14a) is included as a constraint in (22) and that is has
a term, Gy, due to the correlation of the process and
measurement noise. In most MPC descriptions, this term is
neglected. Consequently, these MPCs are not applicable to
systems with correlated process and measurement noise. The
computational steps in this controller are stated in Algorithm
1.
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Algorithm 1 MPC for Systems with Correlated Noise

. N
Require: yy, {Tk+j\k}j:1, Tklk—1> Uk—1
Filter:
e = Yp — Clpp—1
l’k\k = Tppp—1 + Krzek
Wk = Kpwer
Regulator:
up = (g k> D)k, {Tk+7|k} 1o Uk—1)
One-step predictor:
fL'k-&-l\k = A:Ek‘k + Buy, + GUA)M;C
Return: ug, Zpq1x

V. SIMULATED FURNACE EXAMPLE

To illustrate the controllers suggested in this paper, we
control discrete-time systems

Tpi1 = Axy + Buy + Gwy, + Ed, (24a)
zp = CLxy, (24b)
vy, = Cxyp + vy, (24¢)

using model predictive controllers designed based on state
space models in innovation form

Tyl = A%y + Buy + Key,
Y, = Cxy, + €y

(252)
(25b)

We consider an industrial furnace example [41]. The furnace
is described by

Z(s) = G(s)U(s) + H(s)(D(s) + W(s))
y(te) = 2(tx) + v(tr)

in which z is the output, u is the manipulated variable, d
is the deterministic unknown disturbances, w is a stochas-
tic disturbance, y is the measurement, and v is measure-
ment noise. u, d, and w are assumed to be piecewise
constant within a sample period (Ts = 2). [wg; vg] ~

Niia([0; 0], [Rupw Ruww; Rlyy Row]) With Ry = 0.3%, Ry =
0.012, and R, = 0. The transfer functions are

(26a)
(26b)

_ 20 —50s
)= Qo @ (272)
)
H(S) = W 6_108 (27b)

This model of the system is realized in the state space form
(24). The model used by the controller is (1) and (3) with

A(g™') =1 —1.5578¢ ! 4 0.5769¢ > (28a)
B(g Y =o0. 2094q—26 +0.1744¢~%7 (28b)
Clg™h) = (28¢)
Flgh)=1-q (28d)
G(q 1)—1—aq ! (28¢)

A(q~') and B(q~!) are obtained by an exact discretization
of G(s) with the sampling time Ts = 2. The filter (3) is
used to ensure steady-state offset free control. The tuning

—a=0.99
—a=0.95
25— =09
—a=0.7
—a=0.01

0.5

Fig. 1. Output variance, R, versus input variance, R,,, for different values
of . The curves are generated by varying S. In all cases the lowest output
variance is obtained by turning the controller off (i.e. S — o0).

parameter « is selected to trade off sensitivity to noise versus
speed of estimation of unknown disturbances. The model
(1) and (3) with (28) is realized as a state space model in
innovation form (25). |ug| < 1 and the control and prediction
horizon, N = 150, is long to emulate an infinite horizon
controller and thereby eliminate the effect of discrepancies
between open-loop and closed-loop profiles. The penalty
on set-point deviation is () = 1 such that the only tuning
parameters of the controller are S € [0, 00[ and a € [0, 1].

Fig. 1 illustrates the closed-loop variance of z and u for
the system. In contrast to systems without long time delay,
the output variance cannot be reduced by control. The lowest
output (and input) variance is obtained from a completely
detuned controller. The filter (3) with (28d)-(28e) provides
steady-state offset free control for o < 1. a = 0 corresponds
to a pure integrator while @ = 1 implies no filter, i.e.
G(q71)/F(q~') = 1. No or low filtering (o ~ 1) provides
the lowest output variance but at the expense of steady-state
offset or rejecting step disturbances very slowly.

Fig. 2 and 3 illustrate the effect of a sinusoidal disturbance,
w, with different frequencies on the magnitudes of v and z
for two values of « and different values of .S. These computa-
tions are for the unconstrained controller. The step responses
of the constrained controller for the same tuning parameters
are also illustrated in Fig. 2 and 3. While the responses to
step disturbances indicate that a low value of S should be
selected, the frequency response analysis indicates that an
aggressive tuning (low values of S) magnifies disturbances
at high frequencies dramatically. Therefore, one should de-
tune the controller as suggested by the frequency response
analysis and the closed-loop variance analysis (Fig. 1). From
the step response simulation, the best tuning seems to be
(S, ) = (0.1,0.95), while the combined frequency response
analysis and step response simulation suggest the tunings
(S,a) = (10°,0.7) or (S,a) = (103,0.95). The frequency
response analysis for all these tunings reveal that the closed-
loop magnitude of the output at certain frequencies is larger
that output magnitude of the open-loop system. To avoid this,
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(a) Closed-loop frequency response analysis. Amplitude of w and z.

5 T T
—— S =1.0e-001
- . ——S=1.0e+003 |
—— S =1.0e+005
/__—S:I.Oe+007'
-5 . . n
0 2 4 6 8 10
1 ____________________________________
> 0 = |
“lp=mmmm - = sEmEEmEEEgEEEEEE M|
0 2 4 6 8 10
1l
© 0.5r b
O L L L L ]
0 2 8 10

time (hr)

(b) Closed-loop response of input constrained MPC.

Fig. 2. The closed loop effects on w and z of process disturbances, w, at
different frequencies (a) and a step disturbance, d (b) for different tunings.
a=0.7.

S must be increased significantly at the price of very slow
disturbance rejection.

Fig. 4 illustrates the response to an unknown
step for the closed loop system with stochastic
process and measurement noise for the three tunings
(S,0) = {(0.1,0.95),(10°,0.7), (10%,0.95)}. The
closed loop variances of the three tunings are
(R.,R,) = {(0.52,0.23),(0.28,0.00071), (0.34,0.0026) }.
While the outputs of three different tunings are similar, the
input of the first tuning is very plant unfriendly. Simulations
not shown also demonstrate that this tuning is very sensitive
to plant-model mismatch. Consequently, what from a
deterministic step response simulation point of view seemed
to be a very attractive tuning is useless from a practical point
of view when stochastic noise and model-plant mismatch are
considered. The tunings (S, ) = {(10%,0.7),(10%,0.95)}
give similar performance. The first tuning has a lower
variance at the price of a slightly longer time to reject a step
disturbance. Fig. 5 illustrates the closed-loop response to a
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0
% 0 R S xfrf:m\ 4
\\\
10" 10°° 107 10" 10 10"
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—— S =1.0e-001
J— ——S=1.0e+003
e
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10 ‘ ‘ ‘ ‘
10" 107 107 10" 10° 10"
 (rad/min)

(a) Closed-loop frequency response analysis. Amplitude of w and z.

5 T
——S =1.0e-001
N0 o ——S=1.0e+003 ||
—— S = 1.0e+005
| —— S =1.0e+007 [|
-
-5 I I I
0 2 4 6 8 10
A S
> 0 B
“lp=mmmm - = sEmEEmEEEgEEEEEE M|
0 2 4 6 8 10
1k
© 0.5¢ J
O I I I I ]
0 2 8 10

time (hr)

(b) Closed-loop response of input constrained MPC.

Fig. 3. The closed loop effects on u and z of process disturbances, w, at
different frequencies (a) and a step disturbance, d (b) for different tunings.
a=0.95

deterministic step disturbance at time ¢t = 2 for the tuning
(S,a) = (105,0.7) when the model used by the controller
(28a)-(28b) corresponds to the gains K = 40 (blue), K = 20
(red, plant gain), and K = 10 (green). The tuning chosen
by the combined frequency response analysis, closed-loop
variance analysis, deterministic- and stochastic simulations
gives a controller that is robust to large gain uncertainties.
Similar, studies have been performed for the time delay and
the dominant time constant. The controller with the tuning
(S,a) = (105,0.7) is robust to plant-model mismatch. The
controller which from a deterministic simulation point of
view appears the most promising, (S,«) = (0.1,0.95), is
useless in the face of stochastic noise and is very sensitive
to model-plant mismatch.

VI. CONCLUSION

In this paper, we derived and provided the correct finite-
horizon control law for linear quadratic systems with cor-
related Gaussian process and measurement noise. The cor-
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Fig. 4. Closed-loop response to a step disturbance as well as process and
measurement noise for three different tunings.
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time (hr)

Fig. 5. The closed-loop response of the constrained MPC with (S, o) =
(10%,0.7) and a model corresponding to the gains K = 40 (blue), K = 20
(red), and K = 10 (green). The plant has gain K = 20. This controller is
robust to plant-model mismatch.

relation gives a term, Lwd)k| k> in the optimal control law
that is usually not considered. We use the correct optimal
control law to develop a state-space model for the closed-
loop system. This closed-loop state space model explicitly
allows the controller model to be different from the plant
model. Such plant-model mismatch is almost always present,
due to the introduction of a disturbance model (filter) with
an integrator in the controller model to ensure that the
controller yields steady-state offset free control in the face
of unknown step disturbances. Similarly, we develop the
correct input constrained predictive controller for correlated
process and measurement noise. The closed-loop expression
for the unconstrained controller facilitates tuning of the input
constrained MPC controller.

FIR, ARX, ARMAX, Box-Jenkins may be realized as
state space models in innovation form. Similarly, subspace

methods yield state space models in innovation form. State
space models in innovation form have correlated process and
measurement noise.

APPENDIX I
FINITE-HORIZON LQ REGULATOR

The finite horizon predictive linear quadratic regulation
problem may be stated as

N—-1
: 1 N 2 2
{mm}¢ =3 > Nksrsiim — ekl + 18w s
Ukt -
7=0
(29a)
s.t. ik+1|k = Ai’k\k + Buy, + GUA}kUe (29b)
i‘k-&-l-&-j\k = Ai?k_;,_j“g + Bugy; j=1.,N—-1
(29¢)
Uil = CTpjn j=1,...,N
(29d)

By including the possible non-zero filtered process noise,
Wk in (29b), this LQ regulator allows for possible cross-
couple process and measurement noise in the stochastic
linear state space model describing the system. In most text-
books and treatments, the LQ regulator is developed for
Wgx = 0, and such LQ regulators are not valid for systems
with cross-coupled noise. In particular, such LQ controllers
are not valid for systems in innovation form.
Define the vectors as

Ukt1lk Tht1lk Ug

Yk+2|k Tk+2|k Uk+1
Y = . k= . k=

Yk+N|k Tk+N|k Uk+N-1

Then the constraints (29b)-(29d) may be used to express the
outputs by the affine relation

Y., =TU. + b 30)
with
b = Pulg)r + Pupk (€29
and
[ H, 0 ... 0
H, H, ... 0
I'= (32)
_HN HNfl ce Hl
[ CA CcaG
CA? CAG
o, = ) &, = (33)
_CAN CAN-1@

The impulse response coefficients (Markov parameters) used
to assemble I are
H;i=CA"'B

i=1,2,...,N (34)
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Define

Ay Uk — Uk—1
At Uk41 — Uk
AU]C = . =
Augyn—1 Ukt N—1 — Ukt N—2
such that
AU, = @,Uy, — Ipug—1 (35)
with
I 0 O 0 0 I
-1 I 0 0 O 0
P, = 0 -1 I 0 0 Iy = 0 (36)
0 0 O -1 I 0

Using (30) and (35), the objective function in (29) may be
expressed as the quadratic function

N-1
1 R 2
¢=3 Dk rtiin = rrsrsielly + 1wl
7=0
1 2 1 2
= 2 1Y% — RkHQ + 9 ||AUk||S 37)
1 2 1 2
= > ITUL + by, — RkHQ + 5 |1, U — IoukleS
1
= QU];HUk + g1.Uk + p
with @ =Iy®Q, S =1y ® S, and
H=T1'Ql + &/ 5%, (38a)
gr = — (T'Q(Ry, — by,) + @, STyuy_1) (38b)
1 1
PE =35 lexli + 3 lk—1]l% (38¢)

Consequently, by state elimation (29) may be expressed as
an unconstrained convex quadratic optimization problem

min
Uk

1
¢ = §UI;HUk+g;gUk+pk (39)

Provided the weights (Q,S) are chosen such that H is
positive definite, this unconstrained convex quadratic opti-
mization problem has the solution

Ue = —H 'gi = Loy, + Ly, + LrRe + Lyug—1

(40)

with the gain matrices defined as
L,=-H'T'Q%, (41a)
L,=—-H'T"Q®, (41b)
Lp=H'T"Q (41c)
L,=H'9/ 5], (41d)

The optimal control, uy, to implement on the system is

up = I§Uy = Laydgx + LWy, + LrRE + Lyug—1 (42)

with
L,=1IL, = -I,H'T"Q®, (43a)
Ly =I{L, = —-I)H 'T"Q®,, (43b)
Lrp=ILr=I,H'T'Q (43¢)
L,=1I\L,=I,H '® SI, (43d)

The term LWy, in the optimal control law (42) should be
noticed. In many textbooks, this term is missing. Therefore,
the corresponding control laws are not valid for system with
cross-correlated noise. In addition, the stated control law
depends on the anticipated reference trajectory, {rH Ik };vzl
This implies that the current control, uy, may change due to
future anticipated reference changes.

APPENDIX II
CLOSED-LOOP PROPERTIES

Consider the stochastic linear time invariant system

Tht1 = Az, + Buy, + Gwy, + Edy, (44a)
2z, = CLoy, (44b)
yr = Cxp + vy, (44¢)

and the corresponding time invariant output feedback LQ
controller

er =y, — Cpp (452)
Tpik = Tpph—1 + Kyaex (45b)
’uA)k‘k = waek (450)

up = Ly@pp, + LwWrk + LrRy + Lyug—1  (45d)

Ery1)k = Adypr, + Buy + Gy, (45¢)

Note that we allow the model (A,B,G', C‘) used by the
controller and in the design of (K., Ky, Ly, Ly, Lr, L)
to be different from the system (A, B, G, E, C). In particular,
the disturbances, dj, are unknown to the controller and
the controller model may be augmented with a disturbance
model to ensure offset free control.

Define
A=L,Ksp+ LK (46a)
A= AK;, + GKfy + BA (46b)
Agq = A+ BAC (46¢)

Then the closed-loop evolution, i.e. the evolution of (44) and
(45), may be described by

Th+1 Acl B(Lx - AC) BLu Tk
ik-&-l\k = |AC A—FBLQJ—AO BLu i’k\k—l
ug AC L, — AC L., Ug—1
G BA BLyp E| |“*
+10 A BLr 0 2’“
0 A Lr 0 d’“
k
(472)
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and the resulting output, yy, and input, ug, are given by

Zk Cz 0 0 Tk
| = | C 0 0 [Zkpk—1
UL AC Lz—AC Lu Uk—1
47b
00 0 0 :f’“ (47b)
+10 T 0 0 R’“
0 A Lp 0O k
dy,

A. Variance and Transfer Function

The state space representation (47) of the closed loop
system is of the form

Tr41 = Az + Bug (48a)
yr = Cxg + Dug (48b)
The discrete transfer function model
Y(2) = G(:)U(2) (49)
with the transfer function
G(z)=C(z2I - A)™'B+D (50)

may be used to compute the gains from various inputs
to various outputs at different frequencies. (50) is used to
compute |G(2)| for z = €T for various frequencies, w. T
is the sampling time. (50) may also be used for computation
of the spectral density.

Assuming that A is stable, the stationary variance of the
outputs, I, may be computed by

R, = AR,A' + BR,B'
R, = CR,C' + DR,D'

(51a)
(51b)

R, is the variance of the input signal. R, is computed by
solving a discrete Lyapunov equation.

G(z) and R, are useful in analyzing the properties of the
closed loop system (47) for different values of the controller
tuning parameters.
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