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On Primary Output Estimation by Use of Secondary
Measurements as Input Signals in System Identification

Rolf Ergon

Abstract— In many cases, vital output variables in, e.g., industrial
processes cannot be measured online. It is then of interest to estimate
these primary variables from manipulated and measured inputs and the
secondary output measurements that are available. In order to identify
an optimal estimator from input-output data, a suitable model structure
must be chosen. The paper compares use of ARMAX and output error
(OE) structures in prediction error identification methods, theoretically
and through simulations.

Index Terms—Estimation, product quality, system identification.

1. INTRODUCTION

An important use of system identification methods is to find
models for estimation of primary output variables y; that are not
normally available online. In such cases all available information
should be utilized, including secondary measurements yo. A typical
industrial application would be estimation of a product quality y;
from manipulated inputs ., measured disturbances v 4, and available
process measurements y2. The practical use of the estimated y; output
variables may be operator support, failure detection, and possibly
closed-loop control.

From a system identification point of view, it is very natural to
include the secondary measurements as input signals [1]. The basic
idea in the present context is that for output estimation purposes,
knowledge of the system model as such is not necessary. What is
needed are the dynamical relations between the known input signals
u = [u?n udT]T, the available secondary measurements y2, and the
primary output variables y1, and these relations can often be identified
with better accuracy than the relations between v and y; alone. The
reason for this is that disturbances and noise entering early in the
system will be indirectly measured by the secondary measurements
later in the system. Here we assume, of course, that a representative
data record of sufficient length and including also y; is available from
an informative identification experiment.

The use of dependent y, variables as inputs to a system identi-
fication procedure raises several questions concerning identifiability,
deterministic systems, and perfect measurement systems, and these
topics are treated in [2]. In the present paper we assume a discrete-
time system that is observable from the y; measurements. We
then assume a prediction error identification method and compare
identified Auto Regressive Moving Average with eXogenous inputs
(ARMAX) and Output Error (OE) models using v and y» as inputs.
It is shown that use of the OE structure asymptotically will result in
optimal y; estimators giving minimized estimation covariance. The
ARMAX structure will not give minimized estimation covariance due
to the fact that past ¥, values are not available as a basis for the y:
estimation, although such values are used in the system identification
procedure. The result of this is that the y; information is not optimally
utilized in the y; estimator.

A simulation example that supports the theoretical results is also
presented. '
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1. THEORY

A. Statement of Problem

Consider the discrete-time system model

Tpr1 = Azy + Bui + Gug

Y1, = Cizg + Diug + wi i (1)

y2,k = Coxg + Doup +wa
where ;. is the state vector, while vx and w; = [w{k w; k]T
are white, independent, and normal process and measurement
noise vectors with covariance matrices R, = 'Evkv,{ and R, =
EBuwrwf = [g; g;;]. Also assume that (C2, A) is observable
and that (A, Gv/R,) is stabilizable. The assumptions of noise
independence and state observability may be relaxed with appropriate
theoretical modifications. This is, however, beyond the scope of the
present paper.

Further assume that input-output data is available from an infor-
mative experiment [3], i.e., that data records for uk, y1,x, and yo &
for £ = 1,2,---, N are at hand, with u, persistently exciting of
appropriate order. The problem is now to identify the optimal one-
step-ahead §1,x|x—1 prediction estimator based on past and present ux
and past y» & values, and the optimal i, x5 current estimator based
also on present y2 x values.

Note that it is a part of the problem that past y; & values are not
available as a basis for the estimates. This is a common situation
in industrial applications, e.g., in polymer extruding,” where product
quality measurements involve costly laboratory analyses. Product
samples are then collected at a rather low sampling rate, and product
quality estimates at a higher rate may thus be valuable.

B. Preliminary Discussion

In the following, three different estimation models will be dis-
cussed. Subsection II-C assumes identification of an ARMAX model
using both y; and y» as outputs. The resulting one-step-ahead
predictor is then clearly not optimal when past y; values are not
available. .

Subsection 1I-D discusses the use of ARMAX models of the form

Ay = Biug + Baya,x + Cer i 2)

where A = A(g™") etc. are matrix polynomials in the unit delay op-
erator ¢~ *, and where e;  is an innovation process in an underlying
Kalman filter. Such a model can be constructed after identification
of the model used in Section II-C, or alternatively directly identified
by use of y2 as an input signal as shown in Subsection II-D. The
innovation e; ; will in general be correlated with y» ., and thus

1 kjk—1 = A7 Biug + A7 Boyso i 3)

will not in general be the optimal predictor given only past and present
inputs «; and past secondary outputs ¥z .
Subsection II-E discusses identification of an OE model

Y16 = F ' Biug + F ' Boyo o + U (€Y

where ;. is colored noise, and where y2 i is used as input signal.
Although ¥ here is correlated with yz,«, the result will still be an
optimal predictor. The reason for this is that the expectation Ev s
is minimized when and only when the correct parameters are found.
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TABLE 1
VALIDATION RMSE MEAN VALUES WITH STANDARD DEVIATIONS AND
THEORETICAL MEAN VALUES FOR ARMAX2 MopeL (MULTIPLIED BY 10 000)

711 ARMAX, ARMAX2,thcar.
108 ] 352+15 354
1077 | 341+19 341
107° | 312417 315
10°° | 278%15 276
107% | 256+ 13 247
10-° 372%5 369
TABLE 11

VALIDATION RMSE MEAN VALUES WITH STANDARD DEVIATIONS AND
THEORETICAL MEAN VALUES FOR OE MopELS (MULTIPLIED BY 10 000)

711 OEP OEPth, OEC OECth_,
107° | 177+5 177 173+ 6 173
1077 | 177+5 177 173+ 6 173
107% | 17745 177 17345 173
107° | 181+5 180 177+5 176
10741 204£6 203 200 £ 5 200
10> | 363+£4 362 361£3 360

C. ARMAX Model with y> As Output

System (1) can be expressed in the ordinary innovation form [4],
based on an underlying Kalman filter driven by » and the y; and y
measurements. This form is given by the following equations, where
K = [K; K&] is the predictor-corrector Kalman gain, and where
e1,% and e r are white innovation processes

Zie1 = A% + Bu + [AK,  AK) [2’:]

y1,x = C1Zr + Diup + €1k )

Yo,k = CaZi + Dour + e2 .

In a prediction error identification method with v as input and y1 &
and y- , as outputs, the predictor would asymptotically (N — o)
and after minimization of an appropriate criterion function [4] become

Fr1 = A + Bup + AK1y1x + AKoyo i

F1,0 = C1Zr + Diug ©)

U2,k = CoZg + Dauy

where A =A—-AK ,Ci-AK>C> and B = B—AK,D;i—AK>D,.
This is the best linear one-step-ahead predictor if zo, vk, and wx have
arbitrary statistics, and the optimal predictor assuming that xo, vz,
and wy, are normally distributed [5].

Once the model (5) is identified, and assuming normal statistics,
the optimal one-step-ahead prediction of y;,x based on ux and past
y1,% and yo x measurements could be constructed as

1 kie—1 = Calgl — A] 7" - [Buy + AK1y1.x + AKoy2 1] + Drug.
@)

When past outputs y;,x are not available, i.e., with y1 x = 0, the
information in y» » will not be utilized in an optimal way. A simple
example occurs when C; = C2 and D; = D, ie., when the y1 &
and y» . outputs are identical except for the noise term. Then perfect
y1 measurements, i.e., Ri; — 0, would result in K> — 0. With
y1,& = 0, the predictor (7) would thus be based almost entirely on the
information in ug, also if yo » was obtained at a low measurement
noise level.

D. ARMAX Model with y> as Input

A different choice when 1 is not available as a basis for estimation
would be to set also iy = 0, i.e., to assume an underlying observer
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driven only by u and ys. The one-step-ahead predictor (7) would
then be modified into

Cl[qI — A4+ AI(zCz]—l
-[(B — AK2D2)ur + AKay2 ] + Diug.

_ARMAXg _
Y1 klk—1

®

This is a predictor of the form given in (3) and thus not optimal. The
underlying ARMAX form (2) is here obtained by elimination of es &
in the state equation in (5).

Assuming that (C2, A) is observable, the state estimation error
T =) — 5‘,?RMAX2 in the underlying nonoptimal observer would
be governed by

fék.H = (.4 — Aﬁvzcz)i‘k + Gu, — AIX’zwg,k (9)
resulting in the asymptotic prediction covariance
T
Cov (™) = B(vss - AT - (30 = 25NN )
= C A% 4 Ry (10)
where PARMAX2 — Rz, 2T is determined by (9) through the
Lyapunov equation
PARMAX2 = (A - AI{QCz)PARMAXQ . (A _ Aﬂ—zoz)T
+ GR,GT + AK, Ry KT AT (11)

Since (10) is a sum of nonnegative terms, it is evident that

Cov (i henX?) is minimized only when PARMAX2 is minimized,

which requires an optimal gain K. This will be obtained only when

the prediction is based on an underlying Kalman filter driven only
by v and y-» and not also by y; (see also Subsection II-E).

The estimator (8) may be constructed after identification of (5).
For complex systems with a number of secondary y, measurements,
however, identification of (5) is a difficult task [1], involving mini-
mization of, e.g., the criterion function Vi (6) = tr(% > el,kalT’k) +
tr( & S eokeq r), where €1k = y1k — 91,k and €25 = Yo,k — P2,k-
Here, g1,% and g Y25 are determined by (6) with A, AK, etc. replaced
by estimates A, AK etc. Another and more appealing choice,
especially with only one or a few primary », measurements, would
be to reorganize (5) into the partitioned innovation model

Tpt1 = (A - AIX’QC:Z)E}C + (B - AI(QDQ)’U,}; -+ Aszz,k

+ AK1e1s (12)

y1,6 = C1Zx + Diur +e1k

before the identification. In this model eq  is uncorrelated with u.
and yz s for s < k, and we therefore have y1,1 = zx + e1,x with
zx and e, uncorrelated. From this it follows that zx = ¥y xjk—1
according to (7) is the optimal predictor, just as when (5) is identified
directly. The predictor in a prediction error identification method
would also be the same as when identifying (5), with the optimal
predictor given by (6). The difference would be that a simplified
criterion function, e.g., Vi (8) = tr(+ S e1xel ), was used, and
that A — AK->C> and B — AK, D, were treated as single matrices.
Identification of (12) would therefore give the predictor (8) as the
deterministic part of the solution, including the y2 contribution.
Regardless of the way we find it, however, the predictor (8) is not
the optimal solution, since K- is found from the innovation forms
(5) or (12) based on an underlying Kalman filter driven by » and
both U1 and Y2.

E. OE Model with y2 as Input

Based on the assumption that (C2, A) is observable and on an
underlying Kalman filter driven by u and the y, measurements, the

—.
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Fig. 1. Validation RMSE values for identified ARMAX> (x-markings) and OEP (o-markings) estimators as a function of log(r11) with 7, = 0.1, 792 = 0.01,
and N = 10000 (N = 50000 for the ARMAX, model at r1; = 10™*). These estimators utilize the information in both u and y2. Theoretical values are
shown as lines, including RMSE values for estimates based only on u (OEU) and on u and past y; as well as past y2 values (ARMAX;2).
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Fig. 2. Segment of validation responses for the OEP model (41) using both u and y- as inputs (dashed, RMSE = 0.0239) and an OE model using only
u as input (nnogu = [0,3,0,0,3,1], dotted, RMSE = 0.1078). The experimental conditions are given by r, = 1, r13 = 0.0001, ro2 = 0.01,
and NV = 200, and the ideal validation response is shown by a solid line.

following innovation form can be derived from (1):

_OEP _OEP ~OB
Zpr1 = AZy " 4 Bup + AKy eak

Y2,k = Czii?EP + Daur + ez, k.
The y: output is ther-l given by
Y1k = C1Zg"" + Dyug + 9
where

OEP

I =Cl($k—§7k )+w1,k

is colored noise.

The system determined by (13) and (14) can be identified by use
of y» as an input signal in the output error prediction (OEP) model

U3 Z0PF — (4= AKS®C,)70%" + (B — AKLED,)us
: _ + AKSEys 1 ’ (16)
Y1, = C130"" + Dyug + .
(14)
The corresponding input—output model is then
vk =Cilel — A+ AEPEC,) ™
(15)

-[(B~ AKS® Da)ur + AKSyo ] + Diux + 9
= Jrkie—1 + O (17
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or
yie = Gilg Dk + Ga(g ™ )ya ke + s (18)
where
Gi(¢™")=Ci[el — A+ AEPRCe) ™' - [B~ AKP¥ Do) + Dy
(19
and
Go(g ') =Ci[al — A+ AKSPCH) TTAKS®. (20)

In order to identify the deterministic part of the system (17), ie.,
G and G2, we model ¥, by some unknown white noise sequence
and use the prediction

g1k = Grla ™" 0)ur + Ga(g ™5 6)ya,k
where 6 is the parameter vector. The prediction error is then
ELk =Y1,k — Y1,k = [G1 (q_l) - él(qﬁl;é)]"k + [G2(q—1>
= Ga(a70)ly2 i + O (22)
When evaluating the result of minimizing a scalar criterion function,
e.g., Vu(f) = tr(+ Zle al,kefk), we must now consider the fact
tIA1at Y2,k Aand ¥ are not indeApendent.ANote, however, that when
Gi(g70) = Gi(¢™") and G2(¢7%0) = Ga(g™1), we will in
the asymptotic case (N — oo) simultaneously obtain
Cov (¥ theor.) = Ber el x = EO4IL
= ClPOEPCf + Ri1 (23)
where POEF = E(zy — 29FF) (2 — 20PF)7 is determined by the
Riccati equation

@1

PO®F = AP AT + GR,G" —~ AKSRC,POPT AT (24
with

K% = POPFCT [CoPOPPCF + Reo] ™' @5)

Since POF¥ is the minimized prediction state estimation covari-

ance given the y» measurements, this represents a true minimum,
resulting in consistent parameter estimates.

Note that the prediction covariance (23) is derived in the same
way as the prediction covariance (10) for the ARMAX, case (with
K; = 0), only that we now have a minimized P°EY covariance
matrix due to the use of Ky = KJF.

Utilizing also current y2 values, the optimal estimator considering
that y; is not available will be found by identifying the following
output error model based also on current data (OEC model):

1k =C1(I — E$%Cs)[a] — A+ AKSFCo) ™

(B - AKS® Dy )uk + AKS ys 4]
+ C1EPF (yo.r — Dou) + Dyug + ¥k

= 7o + Yk 26)
Here we introduce the colored noise
Uk = Ci (k= 20°7) + wik @7
based on
PP = (I - K95 C2)z0"F + K9 (yo,x — Dour).  (28)
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Minimization of the criterion function Vﬁ(é ) will now result in an
optimal estimator only if

Egpuf = C1PPCCT + Ry — C1K9¥ Ra1 — Rys (ClKZOE)T
29)
with P9EC = E(z; — Z2EY (@, — 2957 given by
POFC = (I — KSBC,)POPP (I — K£5C) + K9P Roo (KS7)T
(30)

simultaneously is at a minimum. Since POFC s the minimized
current state estimation covariance, this is true only when Rip; =
RI, = 0, and the asymptotic current estimation covariance then
becomes

Cov (7 theor.) = Evitd = C1PPP°CT + R, (31)

III. SIMULATION RESULTS

Simulation studies are undertaken, using dlsim.m in the Control
system toolbox for use with Matlab [7], and the prediction error
method implemented in pem.m in the System identification toolbox
for use with Matlab [8]. The pem.m function identifies the system
matrices and the Kalman gain, based on the general innovation
model (5), or the partitioned innovation model (12) when the y-
measurements are also used as input signals. Provided a proper
parameterization, it also identifies the OEP model (17) and the OEC
model (26).

The main aim of the simulations is to support the theoretical
asymptotic covariance expressions (10), (23), and (31), using a simple
system and a high number of samples. Note, however, that the
theoretical expressions are based on perfect model information, which
would not be available in a practical situation (see [9] for a general
discussion of practical cases).

As a starting point, the following continuous-time second-order
process model with an additional first-order process noise model was
used (e.g., interacting mixing tanks or thermal processes):

-1 1 0 0 0
z=11 -2 1 |(z4+ [1]|u-+|0]|v

0 0 -1 0 1 32)

Yy = [1 0 0](1»’ + wy
y2=1[0 1 0lz+ws.
The system was discretized assuming zero-order hold elements on

the v and v inputs and a sampling interval T = 0.1, resulting in the
discrete model

0.9092 0.0863 0.0044 0.0045
zr+1 = |0.0863 0.8230 0.0863 | xx + |0.0908 | ur
0 -0 0.9048 0
0.0002
+ 10.0045 | vk (33)
0.0952

yie=[1 0 Oler +wis
yore=1[0 1 Olzr + wak.

The system was then simulated with u;, as a filtered pseudorandom
binary sequence (PRBS) with autocovariance ry.(p) = 0.87! (16,
example 5.11] with a = 0.8), i.e., an input that was persistently
exciting of sufficient order. The noise sources vy, wy i, and wo
were independent and normally distributed white noise sequences
with zero mean and variances given below.

The simulated system was identified using ARMAX,, OEP, and
OEC models with ux and y2,x as input signals and yi,x as output
signal, using N = 10000 samples.



IEEE TRANSACTIONS ON AUTOMATIC CONTROL, VOL. 44, NO. 4, APRIL 1999

The ARMAX> model (12) was specified as (see [8] for definition
of nn)

nnARMAX, = [3,[3 31,3,0,[0 0],]1 1]] (3%
i.e., a model
A(a™ D91k = Bilg uk + Ba(g Dy + Clg Dern  (35)
with
Alg) =14a1g7 +azg > +asg”’ (36)
Bi(¢™!) = bung ' +b1ag " +bisg” 37)
Ba(q™") =barg ™" +b22q "7 +basg (38)
Clg)=1+eaq  +eg " Fesg™ (39)
The OEP model (17) was specified as
nnoer = [0,[3 3],0,0,[3 3},[1 1]] (40)
i.e., a model
Y1 = ?,11((3:1)) et ?2((2 1))1/2 v+ Ok @1
with By (¢™!) and B2(g™!) as in (37) and (38), and
Fi(g™) =1+ fug™ + fiag ™" + frsq™ “2)
Fo(g™" ) =14 forqg” " + faag ™" + foag ™’ (43)
The OEC model (26) was specified as
nnoec = [0,[3 41,0,0,[3 3],[1 0] 44)
i.e., the same model as (41), but with Bz(q_l) altered to
Ba(¢™') = bao +ba1g” " +ba2g ™ + bozg 45)

As the main purpose of the simulations was to verify the theory, no
attempt was made to find the model order and model structure from
the data. The model order can, however, be found by ordinary use
of one of the several available subspace identification methods, e.g.,
[10], and a systematic method for finding the structure is presented
in [2]. For the OEP and OEC models, no attempt was made to force
Fi(g™") and F»(g™") to be identical, as they theoretically should be.

Each identified model was validated against an independent data
set with the same number of samples and the same noise variances as
used for identification. Validation comparisons between the different
identified models were based on the root mean square error (RMSE)
criterion

2

N
1
RMSE = Z (v —95%) (46)
k:l
where y°F = ﬂf‘l,j]l\,fAi(z according to (8) for the ARMAX modei

35 yfsi = y1 kl %1 according to (17) for the OEP model (41) and
yE = go k| % according to (26) for the OEC model specified by (44).

As a basis for comparisons given a specific experimental condition,
each model was identified and validated in M = 100 Monte Carlo
runs using independent data sets. In order to limit the influence of
local minima problems, each identification and validation given a
specific data set was repeated J = 5 times with randomized initial
B parameters (bi1,j+1 = bir,; - (14 0.5¢), with e as a zero mean and
normal random variable with variance 1).

The mean RMSE values and RMSE standard deviations for N =
10000, 7, = 0.1, r22 = 0.01, and varying 711 values are given

in Tables T and II. The tables also include theoretical RMSE values
Var (7 theor ) 4/ Var(798E. ) and 4/ Var(FOR2,,, ) computed

according to (10), (23), and (31).
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The tables show an obvious agreement between results based
on simulation and theory. The only exception is the ARMAX
result for 7, = 107, where repeated simulations show a mean
deviation of approximately 10 - 10™*. When the number of samples
was increased to N = 50000, this specific result was altered to
RMSE = (25046)-107*. The reason for this extraordinary demand
for a high number of samples is not investigated further.

The RMSE results for the ARMAX> and OEP models in Tables I
and II are also shown in Fig. 1, together with the theoretical results
for a one-step-ahead predictor OEU based only on the independent
input % and for the one-step-ahead predictor ARMAX;2 based on
(7), i.e., utilizing also past y; values.

The results in the tables and Fig. 1 were obtained from N = 10000
samples (one exception with N = 50000). To indicate expected
results for a more realistic number of samples, and at the same time
visualize the degree of model misfit behind the RMSE values in the
tables, specific validation responses for models based on N = 200
samples are shown in Fig. 2. This figure also gives a representative
picture of the improvement achieved by including y» as an input
signal.

IV. CONCLUDING REMARKS

Through a theoretical development with established system identi-
fication theory as a basis, it is shown how one-step-ahead prediction
and current estimation of nonmeasured primary output variables y;
can be done in asymptotically optimal ways by use of identified
models. The solution is to employ OE models with both the indepen-
dent inputs v and secondary output variables y» as input signals.
This can be achieved by use of a prediction error identification
method. ARMAX models may utilize the y» information in a far
from optimal way, due to the fact that past y, values are used in
the identification stage, while such values are later not available as
a basis for estimation. In both the OE and ARMAX cases, Kalman
gains in underlying optimal observers will be part of the deterministic
models for prediction and estimation of y;.

The theoretical estimation covariance results are supported by
Monte Carlo simulations of a third-order system.
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