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A recently developed subspace identification method for robust data analysis and modeling of dynamic
and static systems from known observations will be presented. The method is used in order to analyze
and modeling time series from an Thermo Mechanical Pulping refiner line at Norske Skog, Norway.
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1 Introduction

The subspace method discussed in this work, [3] -
[6], has a number of advantages compared to the
traditional prediction error approaches for system
identification. The method is practical and easy
to use, it is non-iterative, always convergent and
completely data driven. See also [8] and the survey
paper [9].

The method detects system dyramics (system or-
der) and it can be viewed as a generalization of
traditional multivariate data analysis and model-
ing methods such as Principal Component Ana-

lysis (PCA) and Regression (PCR) and Partial

Least Squares (PLS). These last methods all deals
with analyzing and modeling of static relationship
between variables and are well known methods in
e.g., chemometrics and econometrics. However,
these methods are insufficient in order to modeling
data from dynamical systems, i.e., systems where
the direction of time is important.

This implies that PCA, PCR and PLS deals with a
special case analysis and modeling problem of the
problem which is solved by the subspace methods.

The first step in the subspace method is a data com-
pression step. The possibly large number of obser-
vations (data) are compressed to a much smaller
matrix by a standard lower Left Q-orthogonal (LQ)
decomposition. This smaller lower triangular mat-
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rix contains the information of the system (process
and sensors) which generated the data. The system
dynamics as well as the complete model for the sys-
tem is extracted from this smaller matrix. A short
description of how to use the method will be given
in this paper.

Note that the method works for systems where
the outputs are driven by both known input vari-
ables and unknown process disturbance variables.
The unknown variables may be high frequency or
colored noise variables. The method is believed
to be a valuable tool for analyzing and modeling
of data from industrial processes, in particular dy-

* namic processes. The subspace method is used on

some important processes in the pulp and paper
industry in Norway, e.g. a plate column scrubber;
a paper machine; the Thermo Mechanical Pulping
(TMP) process.

The process variables measured on a two stage
TMP refiner line at Norske Skog, Skogn, Norway
are analyzed and modeled by the method. In par-
ticular, a state space model for the refiner mo-
tor power is constructed from observed data (time
series). This results will be presented in the paper.
The model for the 1st stage refiner has three input
variables, i.e., plug screw speed, dilution water and
plate gap. The power model will be presented in
this paper.

The rest of this paper is organized as follows.
Some preliminary system and problem definitions
are stated in Section 2. A description of the sub-
space method is presented in Section 3. An ap-
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plication of the subspace method [6] is presented in
Section 4. The actual process is a two-stage TMP

refiner line at Norske Skog, Skogn, Norway. A state

space model for the TMP refiner motor power is
identified. Some conclusions follows in.Section 5.

2 Preliminary definitions

2.1 System definition

Assume that the underlying system can be de-
scribed by a discrete-time, time invariant, linear
state space model (SSM) of the form

Azy + Bug + Cey (1)
Dz + Euy + e (2)

Tk+l =
Ye =

where the integer ¥ > 0 is discrete-time, z € R”
is the state vector with initial value zo, y € R™
is the system output, u € R" is the system input,
e € R™ is an unknown innovations process of white
noise, assumed to be covariance stationary, with
zero mean and covariance matrix E(exel) = A.
The constant matrices in the SSM are of appropri-
ate dimensions. A is the state transition matrix, B
1s the external input matrix, C is the Kalman gain
matrix, D is the output matrix and F is the direct
control input to output (feed-through) matrix. We
will assume that (D, A) is an observable pair.

The innovations model, Equations (1) and (2), is
discussed in e.g. [7], [1]

2.2 Problem definition

The problem investigated in this paper is to
identify a state space model, including the sys-
tem order (n), for both the deterministic part
and the stochastic part of the system, i.e., the
quadruple matrices (A, B, D, F) and the double
matrices (C, A), respectively, directly from known
system input and output data vectors (or time
series) defined as

b0 N1 JKuown data

Note that the variables can be linearly dependent
as well as independent. In continuous time sys-
tems the matrix F in Equation (2) is usually zero.
This is not the case in discrete time systems due to
sampling. However, E can be forced to be zero by
including a structure constraint in the algorithm,

[6].

3 Description of the method

Given sequences with process input and output
raw data. The first step in a data modeling pro-
cedure is usually to analyze the data for trends and
time delays. Trends should preferably be removed
from the data and the time series should be adjus-
ted for time delays. The trend of a time series can
often be estimated as the sample mean which rep-
resents some working point. Data preprocessing is
not necessary but it usually increase the accuracy
of the estimated model.

The simplicity of the subspace method [6] will be
illustrated in the following. Assume that the data
is adjusted for trends and time delays. Organize
the process output and input data vectors y; and
uy as follows ’

Known data matrix of output variables

Y= € RN xm 3)

'T
| UN-1

Known data matrix of input variables
2 e
ui

U= : € fNVxr (4)

T
[ Un-1

The problem of identifying a complete (usually) dy-
namic model for the process can be illustrated by
the following function (similar to a matlab func-
tion).

[ A,B,C,D,E,A ]=DSR(Y,U,L) (5

where the sixfold matrices (4, B,C, D, E,A) are
the state space model matrices in Equations 1 and
2. The algorithm name DSR. stands for Determ-
inistic and Stochastic model Realization and iden-
tification, see [3]- [6] for details. L is a positive
integer parameter which should be specified by the
user. The parameter L defines an upper limit for
the unknown system order n. The user must chose
the system order by inspection of a plot with Sin-
gular Values (SV) or Principal Angles (PA). The
system order n is identified as the number of “non-
zero” SV'’s or “non-zero” PA’s. See Figure 1 for an
llustration of the order selection.

4 Modeling the power

The main refiner motor power is believed to be one
of the most important refiner measurements which

CAniral Sustems




Singular Values

Pricipal angles (CVA)

4 5

1 2

3 2 3
System order System order
Figure 1: Singular Values (SV) and Principal
Angles (PA) for dynamic order selection computed
from time series from a PH-control loop in a plate
column scrubber at Union Co., Skien, Norway. We
have specified L = 5. A reasonable choice for the
system order is » = 1, since the first SV is large
compared to the other SV’s.

is available. As an example, the motor power is
the most important variable in order to estimate
the consistency, the specific energy and the steam
which is generated in the refiner. The motor power
is an output from the refining process. The power
should be modeled as a function of the refiner input
variables. A combined mechanistic and empirical
power model is discussed in [2]. For a CD refiner
we have the following input variables; dosage screw
speed ng; plate gap for the plane zone s1; plate gap
for the conical zone s2; flow rate of dilution water to
the refiner inlet or plane zone g,,1 and to the conical
gone ¢y 2. The power model can be formulated as,

¥ = y(ns, qu1, qu2, 51, 52) ()

where y is the refiner motor power. Another pro-
cedure is to identify a model for the refiner motor
power, directly from measured input and output
data. This approach will be discussed in the rest
of this section.

4.1 Refiner variables and model

The manipulable input variables are defined as fol-
lows

u; Plug screw speed, [rpm]

uz Total flow of dilution water, [53-‘1]
uz Plate gap, conical zone, [mm]

u€§R3 =

The lirearized power model is assumed to be on in-
novations form, Equation 1 and 2. The innovations
model can be written as an optimal predictor for
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the power output y; given all past process inputs
and outputs. The optimal prediction of the power
can be computed from

ze41 = Aze+ Bur+ C(y: — Dzy — Ew) (8)
gt = th -+ E'U,t (9)

where §; is the optimal prediction of the present
output y: given all past outputs (..., % -2, ¥:—~1)
and the present and all past inputs (..., ue—1, uz).
The problem is to find the model matrices
(A,B,C,D,E) and the covariance matrix of the
innovations noise process, A = cov(e; eT).

We will also mention that the combined determ-
inistic and stochastic model, Equations 1 and 2,
can be separated into two parts. One deterministic
part (with output y¢) which is driven by the known
process input variables u: and one stochastic part
(with output y;) driven by the unknown innova-
tions noise process e;. The actual output is then
¥ = yf +yi. See e.g., [2] p. 36.

We will in this work focusing on modeling the st
stage refiner motor power. It is often not clear
whether a process variable should be defined as an
input or output variable to a model. An example
of this is the problem of modeling the 2nd stage re-
finer. It is assumed that the 1st stage motor power
¥ contains information of the disturbances which
affects the 2nd stage refiner. Hence, the inclusion
of the output y; as an additional input to the power
model for the 2nd stage refiner is reasonable. We
will not elaborate this further.

4.2 Numerical results

The results in this section is based on the time
series from Norske Skog, Skogn, Norway. The fol-
lowing trends (working point, nominal values) are
removed from the time series prior to the numerical
analysis.

Yo = 17.69 nominal motor power

u} = 44.08 nominal plug screw speed
u}=7.15 nominal sum of dilution water
u3 =0.83 nominal plate gap CD zone

Case 1: Input variables u; and us.

The following MISO 1st stage refiner power model
is determined by the use of the DSR algorithm.
’]il}? parameter to DSR was L = 1.

1
Tpp1 = Amk+B[ Z’; ] +Cer  (10)
k

1
Yk Dz +F [ Z% ] + ek (11)
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where

A=09557 B =] 0.0227 ~0.0558
D=10 E=[00198 —0.0335] (12)
C =04057 A =0.0472

The steady state gain for the deterministic part,
Hy(1), and for the stochastic part, H,(1), is given
by

H4l) = DUI-A)"'B+E
[ 0.5328 —1.2919 ] (13)
H (1) D(I—-A)"'C+I=1014 (14)

The signal to nose ratio is given by

_ cov(y?)
N = ooty

The prediction error
J = cov(y*) = cov(y — y?) = 0.1367 (16)
See Figures 2 - 10 for illustrations.

=245 (15)

Case 2: Input variables u;, us and ua.

The following MISO refiner power model is determ-
ined by the use of the DSR algorithm. The para-
meter to DSR is L = 1.

Tip1 = Az + B l: uf J +Ce: (17) e

Yk Dzx + F ,: ul } + ey (18)
where

A=09539 B=[00236 -0.0526 0.0267 ]
D=10 E =1 0.0207 —0.1459 0.014 ]
C=04090 A =0.0474

The steady state gain for the deterministic part,
H4(1), and for the stochastic part, H,(1), is given
by
Hy(1) = DI-A'B+E
= [ 05315 —1.2860 —1.9500 120)
H,(1) = DI-A)'C+I=987 (21)
The signal to nose ratio is given by
d
S/N = %’%% =248 (22)
The prediction error
J = cov(y®) = cov(y — y%) = 0.1354 (23)

The results from this model is not plotted. The
influence from the plate gap is approximately zero
compared to the influence from the screw speed
and the dilution water. And the model is virtually
the same as the model presented above in Case 1.

5 Conclusion

A state space model for a TMP refiner motor power
is constructed from time series. The model have
three input variables, plug screw speed, dilution
water and plate gap.
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Figure 2: 1 st stage refiner motor power, R27.
Figure 4: Flow of Dilution water, u.

Screw speed: input ut
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Figure 3: Plug screw speed, u;.
Figure 5: Deterministic part of the power model

output, y%.

Power and deterministic part of power model
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Figure 6: Deterministic part of the power model
and actual measured power.
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Power model
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Figure 7: The power model, sum of deterministic
part and stochastic part.
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Figure 8: The power model and the actual meas- F igure 10: The estimated frequency function of the
actual stochastic part of the power model, i.e. y* =

ured power.
y— yd: and gd.

Difference between power and deterministic part of power mode!
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Figure 9: The residual between the actual meas-
ured power and the deterministic part of the es-
timated power model, i.e. y° =y — y%.
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